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ABSTRACT

Facing uncertain future customer orders, a pull-based available-to-promise (ATP) mechanism will
deteriorate the overall profit since it allocates critical resources only to current customer orders. To
prevent current less-profitable customer orders from over-consuming critical resources, this study
investigates a push-pull based ATP problem with two time stages and three profit margin levels, and
develops a dynamic resource reservation policy to maximise the expected total profit. Then, a cor-
responding push—pull based stochastic ATP model is established with known independent demand
distributions, and the optimal reservation level is derived by the genetic algorithm to maximise the
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expected total profit. Finally, a series of simulation experiments are conducted to reveal the impact profit
of some key factors, and the experiment results provide theoretical guidance and implementation

methods for companies to maximise overall profits.

1. Introduction

With the intensification of market competition and rapid
changes in customer demands in the era of globalisa-
tion, many companies actively use information technolo-
gies to manage their supply chains to maximise prof-
its (Koberg and Longoni 2019; Seitz, Akkerman, and
Grunow 2021; Vanheusden et al. 2022). Suppliers, manu-
facturers, distributors, and retailers work closely in mate-
rial acquisition, product transformation, and delivering
qualified products to customers (Sajadieh, Fallahnezhad,
and Khosravi 2013; Scavarda et al. 2015; Li et al. 2021).
In this business context, improving customer satisfac-
tion is one of the most important indicators for com-
panies. It requires companies to respond quickly and
effectively to requests for quotations (RFQ), thus gaining
a competitive advantage among modern manufacturing
enterprises (Wang, Qian, and Zhao 2018; Ruf, Bard, and
Kolisch 2022). Therefore, enterprises’ business strategies
have shifted from mass production to mass customisation
in the past few decades (Hu et al. 2018; Qi et al. 2020).
Accordingly, advanced execution has taken the place of
traditional planning functions to not only cope with the
uncertainty of supply and demand but also maintain
profitability (Missbauer and Uzsoy 2022).

Available-to-promise (ATP) is such a system that pro-
vides product availability information for promising cus-
tomer order requests by considering the tradeoff between
front-end customer satisfaction and back-end logistics
efficiency (Jung 2010; Xu and Chen 2021). It has migrated
from a set of availability records in a master produc-
tion schedule (MPS) to a real-time decision support sys-
tem and has been an automated intelligent-agent-based
negotiation infrastructure (Hempsch, Sebastian, and Bui
2013). In general, its purpose is to improve profitability
and customer service as well as to mitigate the discrep-
ancy between forecast-driven push activities and order-
driven pull activities across a supply chain system (Seitz
and Grunow 2017; Dumetz et al. 2017).

The overall profit will deteriorate if most of the criti-
cal resources are allocated to less-profitable current cus-
tomer orders and only a few lefts for more profitable
future customer orders, under the condition that all cus-
tomer orders require the same critical resources. There-
fore, critical resources need to be allocated dynamically to
improve profitability when facing uncertain future cus-
tomer orders. This is a push-pull based ATP problem
where critical resources are required to be reasonably
distributed among customer orders of different profit
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levels at different time stages. Taking into account the
current and future customer demand with three profit
margin levels (high, medium and low-profit), this study
aims to establish a stochastic model for this ATP prob-
lem and develop a dynamic resource reservation pol-
icy to maximise the expected total profit by prevent-
ing current less-profitable customer orders from over-
consuming the critical resource. Assuming independent
demands with known distributions, the optimal reserva-
tion level is derived by introducing the genetic algorithm
to maximise the expected total profit. Finally, a series
of simulation experiments were conducted to reveal the
impact of some key factors.

The remainder of this paper is organised as follows.
In Section 2, we present a brief literature review. In
Section 3, a push-pull based ATP problem with two
time stages and three profit margin levels is described,
and the corresponding stochastic model is formulated
in Section 4. Section 5 provides the genetic algorithm
to derive the optimal reservation level and a series of
numerical experiments to reveal important managerial
insights into this dynamic resource reservation policy.
Finally, the conclusions are drawn in Section 6.

2. Literature review

The early relevant works on ATP mainly discussed the
needs or features of the ATP systems. Pibernik (2005)
discussed three ‘add-on’ features to the generic ATP
system: substitute products, multi-location, and partial
delivery. Kilger and Meyr (2008) described the concept
of advanced planning and scheduling (APS)-based ‘allo-
cated ATP’ and introduced a search procedure along
three dimensions: time, customer, and product. Kilger
and Meyr (2015) emphasised the importance of adopt-
ing ATP systems to support order promising and ful-
filment decisions. These papers described the improve-
ment of resource visibility, competitive advantage, and
profitability in a general way, while other studies have
demonstrated quantitative methods on real-world ATP
problems.

Hariharan and Zipkin (1995) developed a stochastic
model to reveal the impact of advanced demand informa-
tion on cost reduction in inventory systems. Chen, Zhao,
and Ball (2002) developed a mixed-integer programming
(MIP) model that allocates available resources among
customer orders that arrive within a pre-determined
batching interval. Pibernik (2005) employed the MIP
model to support the day-to-day order promising,
thus applying a make-to-stock manufacturing strategy.
Ervolina et al. (2009) presented an available-to-sell (ATS)
model, which combines demand shaping and profitable
demand response to improve the operational efficiency

of the supply chain. Framinan and Leisten (2010) pro-
vided a general framework for ATP-related decisions.
Lin et al. (2010) highlighted several special production
characteristics explicitly in a thin-film transistor liquid
crystal display manufacturing industry and presented an
ATP model that supports decision-making in order ful-
filment processes for manufacturing. Gao, Xu, and Ball
(2012) studied an order promising problem in an ATP
Assembly system with pseudo orders and two types of
resources. To enable decision-makers to determine the
promised delivery dates for received orders, Jung (2012)
investigated a new ATP process based on fuzzy pair-wise
comparison and fuzzy linear programming, taking into
account the preferences of decision-makers for multi-
ple performance indicators and the uncertainty of pro-
duction and transportation in the supply chain. Yang
and Fung (2014) developed two decision support sys-
tems of ATP decisions to maximise the profit while
meeting customer orders over the required time hori-
zon in a multi-site make-to-order supply chain scenario.
Rabbani, Monshi, and Rafiei (2014) integrated the flow
shop scheduling and advanced ATP to enhance sup-
plier profitability and service level. Rabbani et al. (2015)
addressed an advanced available-to-promise (AATP) in
mixed-model assembly line sequencing problems and
developed a mixed binary nonlinear mathematical pro-
gram to determine the optimal sequence of economic
order quantities to minimise the total lateness. Xu and
Chen (2021) established a three-stage model to help
manufacturers manage the Assemble-to-Order supply
chain with high and low classes of customers. To reallo-
cate orders that result from the order promising process
under shortage, Esteso et al. (2019) developed a system
dynamics-based simulation model upon a mixed-integer
linear programming model to maximise profits by con-
sidering the possibility of making partial and delayed
deliveries. Abedi and Zhu (2020) allocated the uncom-
mitted availability and planned production receipts to
current and anticipating future needs and established
a mixed-integer linear programming model to deter-
mine the optimal order quantities based on the resource
availability.

Under the push-pull classification framework of ATP
models provided by Ball, Chen, and Zhao (2004), the rel-
evant literature using quantitative methods mentioned
above are all pull-based ATP models. While pull-based
ATP models seek dynamic resource allocation and real-
location solutions in direct response to actual customer
orders, push-based ATP models pre-allocate available
resources according to the forecast demand information
(Vogel and Meyr 2015; M6nch, Uzsoy, and Fowler 2018).
To improve inventory control performance, Iida (2005)
investigated the benefits of lead time information and



the interrelationships among demand forecast informa-
tion, lead time uncertainty, and lead time information.
Cano-Belman and Meyr (2019) studied the allocation
process in a multi-stage sales hierarchy and established
decentral, multi-period, deterministic linear and nonlin-
ear programming models that approximate the central,
multi-period distribution plan with complete informa-
tion. Buergin et al. (2019) proposed an order planning
approach to ensure the continuity between medium-term
and short-term planning, which is realised through three
planning tasks: medium-term generation of planned
orders, medium-term assignment to production loca-
tions, and assignment of incoming customer orders to
planned orders. Kloos and Pibernik (2020) addressed
the allocation planning problem under service-level con-
tracts in a multi-period setting and derived the condi-
tions that a good allocation strategy should meet. Fleis-
chmann et al. (2020) identified the key information used
to make allocation decisions in customer hierarchies and
developed decentralised methods that can achieve near-
optimal allocations while meeting the requirements of
information aggregation.

Based on the above brief literature review, we find
that most pull-based models only consider deterministic
aspects of ATP problems to obtain a resource alloca-
tion solution as quickly as possible for promising actual
customer orders. Hence, MIP techniques are commonly
used in these pull-based ATP models. However, order-
driven execution processes based on pull-down ATP
solutions may only optimise short-term profits (Alemany
et al. 2015; Seitz, Grunow, and Akkerman 2020). As
for the long term, this might not be the case, typically
under a resource-constrained environment. To make an
ATP solution better align with the long-term objective,
this study embeds specific push-based mechanisms into
pull-based ATP models and develops a push-pull-based
ATP stochastic model that considers potential future cus-
tomer demands. A dynamic resource reservation policy
is developed to maximise expected total profit, which
reserves a certain amount of critical resources for more
profitable future customer orders.

3. Problem description

Suppose a manufacturer with a certain limited critical
resource produces three different kinds of products, con-
sequently contributing to different profit margin levels.
To achieve optimal overall profitability, the manufacturer
has to proactively allocate the critical resource to the right
customer demand, which means it should consider actual
customer orders and forecast information. Wang and
Zhang (2011) investigated the dynamic resource reser-
vation policy for order promising with two time stages
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Table 1. Classification of Demand Class.

Order Profit Margin

Demand class High Profit Medium Profit Low Profit
Stage 1 (current actual) Class 1 Class 3 Class 5
Stage 2 (future forecast) Class 2 Class 4 Class 6

and two profit margin levels (high and low-profit). As an
extraordinary generalisation, this study investigates the
order promising with two time stages and three profit
margin levels (high, medium, and low-profit), which is
a high-level summary of real-world observations and
sufficient to reflect many scenarios.

Assume there are two time stages named demand
stages 1 and 2 (current actual customer demand and
future forecast customer demand) and three profit mar-
gin levels (high, medium, and low-profit margin). As
shown in Table 1, different customer orders can be clas-
sified into six demand classes as below:

o Demand Class 1: current actual customer orders with
high profit.

o Demand Class 2: future forecast customer orders with
high profit.

o Demand Class 3: current actual customer orders with
medium profit.

o Demand Class 4: future forecast customer orders with
medium profit.

o Demand Class 5: current actual customer orders with
low profit.

o Demand Class 6: future forecast customer orders with
low profit.

Denote all class-i stochastic customer orders’ demand
for a certain critical resource as random variable D;,
and the probability distribution for all random vari-
ables D; are known and independent. Let f (%) and
F (%) be the probability density function (PDF) and
cumulative density function (CDF) for class i. In our
observation, the profit margin of current actual cus-
tomer orders with high profit (v1) is higher than the
profit margin of future forecast customer orders with
high profit (v2), that is, v1 > v2. Similarly, v3 > v4,
v5 > v6. Besides, the profit margin levels will not be
subverted by the time stages, that is v2 > v3, v4 > v5.
Therefore, there exist vi > v, > v3 > v4 > v5 > vg and
W1 > Wy > W3 > Wy > W5 > W, where v; and w; are
denoted as per-unit sales profit and per-unit deny penalty
cost for demand class i. In addition to sales profit and
deny penalty cost for each demand class, per-unit com-
ponent inventory costs g and h are charged at the end of
the current and future demand stages, respectively. The
initial availability for the critical resource is denoted as
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a, while at the end of Stage 1 we denote the remaining
resource inventory as a random variable B and a certain
realisation as b. Let random variable I denote the ending
inventory at Stage 2.

For such an ATP problem, a typical pull-based ATP
model aimed to profit-maximisation would try to satisfy
all customer orders with high profit (Class 1), and then
to promise as many mid-profit ones (Class 3) as possi-
ble, after that customer orders with low profit (Class 5)
will be considered. All in all, a pull-based ATP model
will only allocate the critical resource to current actual
customer orders to maximise the overall profit. While
such an approach could only maximise short-term profit,
long-term profit may be jeopardised since current less-
profitable customer orders (Class 3 and Class 5) may
over-consume the limited critical resource, thus forcing
the manufacturer to deny some more profitable future
customer orders (Class 2 and Class 4). Long-term profit
can be maximised if a specific measure is taken: a certain
amount of critical resource denoted as resource reserva-
tion level R were reserved to satisfy more profitable future
customer orders. Such a policy called dynamic resource
reservation policy is introduced to maximise expected
total profit in the long run. Therefore, to accept more
profitable future customer orders (Class 2 and Class 4),
this reservation policy will save at least R units of the
critical resource at the end of Stage 1.

Moreover, unless all availability is exhausted, all cus-
tomer orders from demand class 1 should be fulfilled
first even though the ending inventory of Stage 1 may
eventually fall below the desired reservation level R, since
V1 > vy > v3 > vy > v5 > ve. Similarly, at Stage 2, we
should fulfil customer orders from demand Class 2 first
and then satisfy customer orders in demand Class 4 and
demand in Class 6 lastly. In this way, demand classes
with higher sales profit can always consume the crit-
ical resource first, enabling a more efficient resource
allocation.

4. Stochastic optimisation model

This section establishes the stochastic optimisation

model for the push-pull-based ATP problem with two

time stages and three profit margin levels. Before pre-

senting the model, the notations used in the stochastic

optimisation model are summarised as follows:
Parameters:

D; Random demand for the critical resource of cus-
tomer orders in Class i.

v;  Per-unit sales profit of customer orders in Class i.
w;  Per-unit deny penalty cost of customer orders in
Class i.

1 II III v VI
A A
D, D, D,
& D;
S B} B
B Ds
y 4 1 D; Dy ||
A A
» B
R v v

Figure 1. Promising current orders in the push-pull based ATP
model.

g  Per-unit component inventory cost at the end of
Stage 1.

h  Per-unit component inventory cost at the end of
Stage 2.

a Initial availability for critical resource.

b Remaining resource inventory at the end of Stagel
as a certain realisation.

Decision variables:

Resource reservation level.

Accepted customer order demand for Class i.
Denied customer order demand for Class i.
Remaining resource inventory at the end of Stagel
as a random variable.

Remaining resource inventory at the end of Stage 2
as a random variable.

=

SEloy

~

4.1. Stage 1 ATP model

In the push-pull based ATP model, five possible demand
scenarios at Stage 1 for an initial availability a and the
reservation level R are shown in Figure 1.

e I.D;+D3+ D5 <a—R,

e II.D;+D3+D5s>a—RandD; +D3 <a—R,
e II. Dy +D3 >a—Rand D; < a—R,

e IVa—R<D;<a,

e V.D; > a.

In the push-pull based ATP model, customer orders
in Class 1, Class 3, and Class 5 can be fully satisfied with
a remaining inventory B above the desirable reservation
level R in scenario I. In scenario II, only customer orders
in Class 1 and Class 3 can be fully satisfied. In contrast,



a certain portion of customer orders in Class 5 has to be
denied to keep the remaining inventory B at the desirable
reservation level R. The situation is quite similar in sce-
nario ITI that a certain portion of customer orders in Class
3 has to be denied. The remaining inventory B is below
the desirable reservation level R to fulfil customer orders
in Class 1 in scenario IV. Thus the entire demand in Class
3 and Class 5 is denied. In scenario IV, even customer
orders in Class 1 cannot be fully satisfied. The accepted
and denied volume for demand in Class 1, Class 3, and
Class 5 and the remaining inventory can be summarised
as follows:

_ D1> iflea’
Si = a, ifD; > a, (1)
0, iflea,
L= Dy —a, ifD1>a;} 2)
D;, if Dy +D3; <a—R,
_ ifD; +D3 >a—R,
S3— a R Dl, D1§a—R, (3)
0, ifD; >a—R;
0, ifD1+D3§a—R,
if D; +D3 >a—R,
Ly =1D;+ D3 —(a—R), Dy <a—R
D3, ifD; >a—R;
(4)
Ds, ifDy+D3+ D5 <a—R
_ _ . ifD1+D3+D5>a—R,
85— a R D1 D3, D1—|—D3§a—R,
0, if Dy +D3 >a—R;
(5)
0 if D1 + D3
’ +Ds <a—R
if Dy +D3 + D
Ls= 1Dy +Ds+Ds o0 3T (6)
—(@-R >a—R,
’ D+ D3 <a—R,
Ds, ifD;+ D3 >a—R;
a— D, .
< g
_Ds — Ds, ifD; 4+ D3+ Ds <a—R,
R if D1 + D3+ Ds > a—R,
B— ’ D)+ D3 <a—R, )
o R if Dy + D3 >a—R,
’ D) <a—R,
a— Dy, ifa—R < D; <a,
0, if D] > a

The push-pull based ATP model can be reduced to the
pull-based ATP model. Specifically, when the resource
reservation level R = 0 in the push-pull based ATP
model, the pull-based ATP model can be obtained. As
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Figure 2. Promising current orders in the pull-based ATP model.

shown in Figure 2, there are four possible demand scenar-
ios at Stage 1 for an initial availability a in the pull-based
ATP model.

I.Dy + D3+ D5 < a,

II. Dy + D3 + D5 > aand Dy + D3 < q,
III. Dy + D3 > aand D; < g,

IV.D; > a.

4.2. Stage 2 ATP model

The pull-based ATP model has the same Stage 2 as the
push-pull based ATP model. As shown in Figure 3, there
are four possible scenarios in Stage 2:

I.Dy + Dy + Dg < b,

II. Dy + D4y +Dg > band D, + D4y < b,
III. D) + Dy > band D, < b,

IV.D; > b.

In scenario I, there exists enough remaining critical
resources to fully satisfy customer orders in Class 2, Class
4, and Class 6. We can still fully satisfy customer orders
in Class 2 and Class 4 but have to deny a portion of cus-
tomer orders in Class 6 in scenario II. In scenario III,
only demand in Class 2 can be fully satisfied, and the
entire demand in Class 6 and part of demand in Class 4 is
denied. There is not enough availability to fulfil customer
orders in Class 2 in scenario IV. Thus the entire demand
in Class 4 and Class 6 is denied. The accepted and denied
volume for demand in Class 2, Class 4, and Class 6 and
the remaining inventory are summarised as follows:

{DZ’ lfDZ =< b)}
S, =

b, ifDy > b: (8)
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Figure 3. Promising future customer orders (with given remain-
ing critical resource b).

_ o, if Dy < b,
L= {D2 —b, ifD; > b;} ®)
Dy, if Dy + Dy <0,
S4=3b—D,, ifDy+Dy>Db, D, <h, (10)
0, isz > b;

0,if D + D4 < b,

Ly=1{D;+Dy—b,if Dy+Dy>b, D, <b (11)
D4,ifD2 > b;
Dg, if D, + Dy + Dg < b,
_ if D + D4 + Dg > b,
S¢ = b — Dy — Dy, Dy 1Dy < b (12)
0, if Dy + Dy > b
0, if Dy + Dy + Dg < b,
if D + Dy + Dg > b,
Les= 1D D Dg — b,
6 »+Dy+Ds—b Dy+Dy<b
Dg, if D, + Dy > b;
(13)
[— b—D; —Dy—Dg, ifDy+Dy+Dg<b,
— 1o, if D, + D4 + Dg > b;
(14)

4.3. Expected total profit function

For the push-pull based ATP model, the expected total
profit function consists of two parts, namely the expected
profit of Stage 1 and the expected profit of Stage 2 accord-
ing to Equation (15). The expected profit of Stage 2 is
related to the expected profit of Stage 1 through the
remaining inventory B. From the above derivation, we
can conclude that the expected total profit function of
the pull-based ATP model is derived from the expected
total profit function of the push—pull based ATP model

when the reservation level R is set to zero. Since the pull-
based ATP model and the push-pull based ATP model
have the same derivation process, the push-pull based
ATP model will be mainly discussed in the following. In
the push-pull based ATP model, random variable B is
determined by the reservation level R and the initial avail-
ability a, as shown in Equation (7). It is also constrained
bya—Sl—S3—Sg =B=S8,4+S84+ S¢ + I

mRaX ED,,D,,D5,04,05,0¢ [I1(a, R)]

= Ep,,py0s[11' (a4, R)]
+ Ep, 03,05 [ED, 0,06 [T (B)]] (15)
Ep, ps, 051" (a, R)]
= Ep,,py0s[v1 - S1+ 3-S5 +v5- S5 — wy
Ly —w3-Ls—ws-Ls —g- B]
=v1 - E[S1] +v3 - E[S3] + v5 - E[S5] — w1 - E[L1]
— w3 - E[L3] — w5 - E[Ls] — g - E[B] (16)
Ep, 0,06 [TT*(B)]
= Ep,,Dy,D[v2 - S2+va - Sa+v6 - Se — w2 - La
—wg-Lyg—wg-Leg—h-1I]
=vy - E[S2] + v4 - E[S4] + v6 - E[S6] — w2 - E[L2]
— w4 - E[L4] — wg - E[Le] — h - E[I] (17)
To obtain the expected profit of Stage 1, the expected
value of accepted and denied volume for demand in Class
1, Class 3, and Class 5 and the remaining inventory need
to be derived as follows:
E[Si] =Pr{D; <a}-Dy +Pr{Dy > a}-a (18)
E[S3] =Pr{Dy +D3 <a—R} D3
+ Pr{D; + D3 > a — R}
-Pr{D; <a—R}-(a—R—Dy) (19)
E[S5] = Pr{D1 + D3 + D5 <a—R}-Ds
+ Pr{Dy + D3 + D5 > a — R}

-Pr{Dy+D3s <a—R}-(a—R— Dy —D3)
(20)

E[L1] =Pr{D; > a}- (D1 — a) (21)
E[L3;] = Pr{D; + D3 > a — R}

-Pr{D; <a—R}-(D1+ D3 —a+R)

+ Pr{D; > a— R} D3 (22)
E[Ls] = Pr{D; + D3 + Ds > a — R}

.Pr{D; + D3 < a — R}

(D1 +D3+Ds —a+R)



+ Pr{D; +D3 > a— R} - Ds (23)
E[B] = Pr{D) + D3 + Ds < a — R}
(a—Dy — D3 — Ds)
+ Pr{D; + D3 + D5 > a — R}
-Pr{D; +D3 <a—R}-R
4+ Pr{D; +D3 >a—R}-Pr{D; <a—R}-R
+Pr{fa— R <Dy <a}-(a—Dy) (24)
By plugging Equations (18)-(24) into Equation (16), the
expected profit of Stage 1 is derived.
Since the expected profit of Stage 2 is related to the
remaining inventory B, thus the expected profit of Stage

2 should be calculated comprehensively with different
remaining inventory in different scenarios.

Ep, 03,05 [ED,,D,,06 [T1* (B)]]
=Pr{D;+Ds+Ds <a—R}
- Epy,04,06 [TT?(B)]|B=a—Dy —Ds—Ds
+ [Pr{D; + D3 + D5 > a— R}
-Pr{Dy +D3 <a—R}
+ Pr{D; + D3 > a— R} - Pr{D; < a— R}]
- Ep,,py,0s [ (B)] 5=k
+Pr{a — R < D1 < a} - Ep, p,,n6 [T (B)]p=a-,
+Pr(Dy > a} - Ep, p,,n6[11*(B)] 5= (25)

To obtain the expected profit of Stage 2 with random
variable B, the expected value of accepted and denied vol-
ume for demand in Class 2, Class 4 and Class 6 and the
remaining inventory need to be derived as follows:

E[S;] = Pr{D, < B} - D, + Pr{D, > B} - B (26)
E[S4] = Pr{D; + D4 < B} - Dy + Pr{D, + Dy > B}
-Pr{D, < B} - (B— D) (27)

E[S6] = Pr{D; + D4 + D¢ < B} - Dg
+ PI'{DZ + D4 + Dg > B}

-Pr{D; + Dy < B} - (B— D; — Dy) (28)
E[L,] = Pr{D, > B} - (D, — B) (29)
E[Ly] = Pr{D, + D4 > B} - Pr{D, < B}

.(Dy+ D4 — B) +Pr{D, > B} - D, (30)

E[L¢]) = Pr{D, + D4 + D¢ > B} - Pr{D, + D4 < B}
(D2 + D4+ Dg — B)
+ Pr{D, + D4 > B} - D¢ (31)

E[I] = Pr{D; + D4+ D¢ < B} - (B — Dy — D4 — Ds)
(32)
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By plugging Equations (26)-(32) into Equation (17),
and subsequently, plugging Equation (17) with different
values B into Equation (25), the expected profit of Stage
2 is derived.

Then the optimal reservation level R« must satisfy the
Equation (33):

—(v3+ws+g) - Pr{D; + D3 > a—R*}

-Pr{D; < a—R*}

— (vs + ws +g) - Pr{D; + D3 + D5 > a — R¥}

-Pr{D; + D3 <a—R*}

+ [Pr{D; + D3 > a — R}

-Pr{D; <a-— R*}

—|—PI'{D1 + D3 + D5 > a—R*}

-Pr{D; + D3 < a—R"}]

-[Pr{Dy > R*} - (v + wy) + Pr{D; + D4 > R*}

-Pr{D; < R*} - (v4 + wy)

+ Pr{D; + D4y + Ds > R*}

-Pr{D; 4+ Dy < R*} - (vs + we)

—h-Pr{Dy + Dy + Ds < R*}] =0 (33)
To prove the expected total profit function is concave, the
second derivative of the expected total profit should be
proven to be negative when evaluated at R«. Thus, the

second derivative of the expected total profit function is
derived as follows:

d*E[[[(R")]

d *
IR =[(vr2+w2)- R Pr{D, > R}

+ (v4 + wy)

. iPI‘{DZ + Dy > R*,D; < R*}
dR bl —

+ (v6 + we)
-4 buD, 4 Dy + De > R,
dR
D; + Dy < R¥}
—h'd%zpr{Dz-FDszDs < R*}]
- [Pr{Dy + D3 > a — R}
-Pr{Dy <a—R}
+ Pr{Dy + D3 + D5 > a — R}
-Pr{D; 4+ D3 < a — R}]
= —[(v2 + w2) - /L(R)

+ (va + wa) - fa(R)
+ (V6 + wg + h)
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R*

: /fs(R* —x — y)dF(x)dF2(y)]
0

- [Pr{D; + D5 > a — R}
-Pr{Dy <a—R}
+ Pr{Dy + D3+ D5 > a — R}

Pr{D;+D3s<a—R})] <0  (34)

Therefore, an optimal reservation level R« exists, which
can maximise the expected total profit function. It should
be noted that the optimal reservation level cannot be
obtained explicitly by Equation (33).

5. Numerical experiments

This section presents a series of available-to-promise
computations to verify the validity of this dynamic
resource reservation policy where the optimal reserva-
tion level R+ can maximise the expected total profit.
Numerical examples are provided to highlight the bene-
fit of a dynamic resource reservation policy by comparing
the optimal profit of the pull-based ATP model with that
of the push—pull based ATP model. Besides, computa-
tional results are analysed to show the sensitivity of each
altered input parameter, which will help enterprises make
business decisions on order management.

5.1. Genetic algorithm

Although we have derived the implicit expression of the
optimal reservation level Rk and theoretically proved
the existence and uniqueness of the optimal reservation
level, this does not necessarily mean that we can obtain
the optimal reservation level explicitly by Equation (33).
Since the objective function is stochastic, standard opti-
misation algorithms are not well suited for solving this
problem. Therefore the genetic algorithm (GA) is a
promising tool to find the optimal reservation level. GA is
an iterative optimisation method based on natural selec-
tion, which repeatedly modifies a population of individ-
ual solutions to make the population evolve toward an
optimal solution over successive iterations (Lim 2014).
The basic modules of GA consist of 1) encoding
and decoding, 2) fitness function, 3) selection, muta-
tion, and crossover. In this paper, a real-coded genetic
algorithm is used, and the fitness function is Tpax —
ED,,Dy,D3,D4,D5,0¢ [I1(a, R)], where Tyax is a sufficiently
large constant to ensure that the fitness function keeps
positive. Roulette selection, Scattered crossover, and
Gaussian mutation are used respectively in this study.

5.2. Numerical examples

Table 2 provides the basic parameters of these six demand
classes. Only taking sales prices and component costs into
account without charging any production and operation
costs, we assume the profit margins vy, v, v3, v4, v5, and
v to be 940, 846, 761, 685, 616, and 555 CNY respec-
tively. While the per-unit denial penalty cost is assumed
to be ten per cent of the profit margin, per-unit inventory
holding costs for the critical resources are assumed to be
fixed. That is g, h = 3.25 CNY. Suppose all demands are
normally distributed and independent, and their corre-
sponding mean value ; and standard deviation o; are
given in Table 2. The initial availability for the critical
resource comes to be 5,730 units.

A simulation model that implements the dynamic
reservation policy is built to conduct the numerical
experiments by MATLAB. The experiment computes the
average total profit over 1000 sets of randomly generated
demands Dy, D,, D3, Dy, Ds, and Dg for each pair of the
reservation level to see whether the optimal reservation
level derived by the genetic algorithm can maximise the
total profit.

Take Tpax = 10,000,000, GA stops at the 51st gen-
eration, as shown in Figure 4. The optimal reservation
level R« turns out to be 2463 units, and the corresponding
maximal expected total profit is 4,352,000 CNY. How-
ever, the maximal expected total profit is only 3,963,500
CNY under the pull-based ATP model. This verifies that
the push-pull based ATP model is significantly supe-
rior to the pull-based ATP model and also demonstrates
the necessity and effectiveness of introducing the forecast
demand information and dynamic resource reservation
policy into the pull-based ATP model.

5.3. Computational results

This section explores the impact of some key fac-
tors on expected/average total profit, including resource
reservation level, initial availability, denial penalty cost,
inventory holding cost, and future pricing level. The

Table 2. Characteristics of Demand Classes

Order Profit Margin
Stage High Profit Medium Profit Low Profit
Stage 1 (current vi = 940CNY vz = 761CNY vs = 616CNY
actual) wy = 94CNY w3 = 76CNY ws = 61CNY
1 = 1474 units  p3 = 1783 units s = 2157 units
o1 = 85.6units o3 = 103.5units o5 = 125.1 units
Stage 2 (future vy = 846CNY v4 = 685CNY Ve = 555CNY
forecast) w, = 85CNY wy = 68CNY wg = 55CNY

M2 = 1621 units
o3 = 94.1 units

4 = 1961 units
o4 = 113.8 units

e = 2372 units
o = 137.6 units
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experiment results provide theoretical guidance and
implementation methods for companies to maximise
overall profits.

5.3.1. Impact of resource reservation level

Figure 5 shows the impact of different reservation lev-
els on the expected total profit and the average total
profit, respectively. As shown in Figure 5, there exists a
maximal total profit in both figures, the maximal total
profit is around 4,352,000 CNY, and the corresponding
reservation level is around 2460 units. Thus, the optimal
reservation level derived by GA can be considered the
optimum solution. It can also be deduced from Figure 5
that the total profit rises with the increasing reservation
level till its peak value and then falls to a certain level
because the critical resource is reserved to satisfy more
profitable future customer orders that result in higher

Average Total Profit vs. Reservation Level
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Figure 5. Impact of dynamic resource reservation policy.

profitability. Still, if the reservation amount is set at an
unreasonably high level, total profit will stay the same
since all the customer orders in Class 3 and Class 5 are
denied after fully fulfilling customer orders in Class 1,
with the same amounts of remaining critical resources.

5.3.2. Impact of initial availability

When investigating the impact of initial availability on
the optimal reservation level, three initial availability val-
ues are tested, including the base-scenario value and
its£5% values (i.e. 5443, 5730, and 6016 units). Figure 6
shows that the optimal reservation level experiences an
increasing trend due to increasing availability. Since the
extra critical resource will be reserved for customer
orders in Class 4 rather than pre-allocated to customer
orders in Class 5 to ensure maximal profit.
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Average Total Profit vs. Reservation Level
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Figure 6. Impact of initial availability on reservation level (for low availability scenarios).
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Figure 7. Impact of initial availability on reservation level (for high availability scenarios).

Similarly, we run the experiment with another three
availability values around the mean total demand (i.e.
11,586, 11,966, and 12,346 units). As shown in Figure 7, a
dynamic resource reservation policy becomes less impor-
tant when there are abundant critical resources. Besides,
if the reservation level is set very high, the total profit will
be damaged, resulting in the rejection of customer orders
in Class 3 and Class 5.

5.3.3. Impact of denial penalty cost

The per-unit denial penalty cost is set into different ratio
levels of the per-unit profit to reveal the impact of denial
penalty cost while combining dynamic resource reserva-
tion policy. Since changes in per-unit denial penalty cost
may affect the reserve police of those three classes in Stage
1, the optimal reservation level may need to adjust adap-
tively. A set of ratio levels are chosen at regular intervals
from 0 to 1.5. Figure 8 shows that the optimal reservation
level experiences little change, and the optimal price level
stays around R+ = 2461 CNY which maximises the over-
all profit when combining dynamic resource reservation
policy. The main reason for this is that these six per-unit
denial penalty costs are changed in the same proportion,
and the priority used to determine the reservation level
is not changed. The same thing happens when the per-
unit denial penalty cost of these six classes is set at the
same value. The values of per-unit denial penalty cost
are chosen at regular intervals from 0 to 1200, while all
the other parameters are the same as those in Table 2.
As shown in Figure 9, the optimal reservation level still

experiences little change, and the corresponding reserva-
tion level stays around 2461 units. One possible reason
is that the differences between these six per-unit profits
determine the relative priority, and the fluctuation of the
same per-unit denial penalty cost does not change it.

Another two experiments are conducted to study fur-
ther the impact of per-unit denial penalty cost on reser-
vation level. In the first experiment, the values of the
per-unit denial penalty cost of Class 1 are chosen at regu-
lar intervals from 0 to 1000, with all other parameters the
same as those in Table 2. As shown in Figure 10, the opti-
mal reservation level still experiences little change, and
the corresponding reservation level stays around 2461
units. The main reason is that whatever the per-unit
denial penalty cost of Class 1, the critical resources are
used to satisfy the demand of Class 1 for the highest per-
unit profit. In the second experiment, the values of the
per-unit denial penalty cost of both Class 1 and Class 2
are chosen at regular intervals from 0 to 1000, with all
other parameters the same as those in Table 2. Figure 11
shows that the optimal reserve level is volatile within a
very small range when w; and w;, are set to different val-
ues. Except for the random factors, the change of relative
priority between Class 1 and Class 2 is also an important
cause.

It is a remarkable fact that the optimal reservation level
remains stable when the per-unit denial penalty cost of
these six classes is set at the same ratio level or the same
value. Only when multiple unit penalty costs are changed
together, the optimal reserve level may present obvious
fluctuation.
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5.3.4. Impact of inventory holding cost

The per-unit inventory holding costs for the critical
resources are set into different value to reveal the impact
of inventory holding costs while combining dynamic
resource reservation policy. The values of per-unit com-
ponent inventory holding cost ¢ and 4 are chosen at
regular intervals from 0 to 300, with all the other param-
eters the same as those in Table 2. From Figure 12, it
can be seen that when the per-unit component inven-
tory cost g is fixed, the optimal reserve level has a very
small fluctuation with the change of the per-unit com-
ponent inventory cost h, whereas, when / is fixed, the
optimal reservation level experiences a step down with
the growth of g. The root cause is quite likely that the
final inventory is relatively certain, so the impact of per-
unit component inventory cost h at the end of Stage 2
is relatively small when g is fixed. Moreover, when h
is fixed, the value of ¢ could determine that the criti-
cal resource is offered to Class 3 and Class 5, or left for
Stage 2.

5.3.5. Impact of future pricing level
The per-unit sales profit of customer orders in Class 2 is
set ata different level to reveal the impact of future pricing
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levels while combining dynamic resource reservation
policy. Since price changes will affect the demand in dif-
ferent Classes, for instance, the rising price in Class 2
will reduce the demand in Class 2. Assume the demand-
price elasticityd for Class 2 customer orders is —40 units
per CNY, thusu, = pu; — 9(940 — v,), while all the other
parameters are the same as those in Table 2. As shown
in Figure 13, the optimal price level v2 = 885 CNY
exists, which maximises the total profit when combin-
ing a dynamic resource reservation policy. Furthermore,
Figure 14 clearly shows the total profit under each com-
bination of future pricing level and reservation level.
Figure 13 can be seen as a projection of Figure 14 on
the plane of total profit and future pricing level. Besides,
it can be seen from Figure 14 that the optimal reserva-
tion level shows a noticeable trend of growth with the
reduction of future pricing levels. Since the extra crit-
ical resource will be reserved for customer orders in
Class 2 due to the increasing demand caused by lower
prices, the maximum total profit can be achieved if
the manufacturer sets a proper price and combines the
dynamic resource reservation policy. Thus a combina-
tion of dynamic pricing policy and dynamic resource
reservation policy on different classes can be future
research.
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Figure 12. Impact of inventory holding cost g and h on reservation level.
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demands and develops a dynamic resource reservation

6. Conclusions

policy for a push-pull based ATP problem with two
time stages and three profit margin levels. This pol-
icy maximises the expected total profit by enforcing a

pull based ATP stochastic
model that takes into account potential future customer

This study proposes a push



reservation level and preventing current less-profitable
customer orders from over-consuming critical resources.
A real-coded genetic algorithm is introduced to solve
the corresponding stochastic model and derive the opti-
mal reservation level. A series of numerical experiments
are conducted to reveal important managerial insights
of this policy. The simulation experiments revealed that
the push-pull based ATP model is significantly supe-
rior to the pull-based ATP model, demonstrating the
necessity and effectiveness of introducing the forecast
demand information and dynamic resource reservation
policy into the pull-based ATP model. Besides, the total
profit rises with the increase of the reservation level until
it reaches the peak value and then falls to a certain
level. The optimal reservation level is positively corre-
lated to initial availability in low availability scenarios
and is insensitive to the initial availability in high avail-
ability scenarios. Moreover, different parameter combi-
nations of per-unit denial penalty costs of these six classes
and per-unit component inventory holding costs are also
explored to disclose the functional mechanism of the
optimal reserve level of these parameters. Finally, the
impact of future pricing levels on the optimal reserve
level is discussed. The study makes an important contri-
bution to the overall knowledge of the ATP model. From
another point of view, the development of the push-pull
based ATP model also greatly promotes the application
of information forecasting in the ATP model.

Although the research has addressed several academ-
ically challenging issues, it has a few limitations when
applying the policy to real-world ATP systems, which will
be studied in future work. First, it did not explore how
to assign customer demand space into different classes,
which is a critical research question and requires more
research to look into appropriate criteria for separating
customer demand space so that the expected total profit
can be maximised efficiently. Second, it did not involve
how to forecast corresponding demand distributions,
which is a crucial step in executing the push-pull based
ATP model since the appropriateness of optimal reser-
vation level and optimal pricing level is directly tied to
the quality of forecasted demand distributions. Third, the
combination of a dynamic pricing policy and dynamic
resource reservation policy is promising to achieve the
highest total profit. Besides, enlarging the ATP model
into more customer groups and demand stages will help
the policy available for larger ATP problems.
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Appendix 1
Derivation of Equation (33)
dE[T1(a,R)] _ dE[MT'(a,R)] n dE[E[TT*(B)]]
dR dR dR
Start with differentiating the expected profit of Stage 1 for R,
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— (s +ws +¢)
-Pr{D; + D3 + D5 > a— R}
-Pr{D; + D3 < a— R}
Next is the derivative of the expected profit of Stage 2 for R,

2
M:[Fr{D1+D3 >a—R}-Pr{D; <a—R}

dR
+PI‘{D1 +D3+D5 > a—R}
-Pr{D; +D; < a—R}]
. dEp, p,ps [[T*(R)]
dR
where
dEp, p,ps [[1*(B)] lsn

dB
= Pr{D; > R} - (v, + wp) + Pr{D, 4+ D4 > R}
- Pr{D; < R} - (v4 + wa)
+ Pr{D; + D4 4+ Dg > R}
- Pr{D; + Dy < R} - (v6 + Ws)
— h-Pr{D, + Dy + Dg < R}
Thus, when EHER] — ¢ the optimal reservation level Rx
must satisfy the Equation below:
—(v3+ws+g)  Pr{D;+ D3 >a—R*}-Pr{D; <a—R"}
— (vs +ws+g) - Pr{D; + D3 + D5 > a — R*}
-Pr{D, + D3 < a— R¥)
+ [Pr{D; + D3 > a— R*} - Pr{D; <a—R"}
+Pr{D; + D34+ Ds > a—R"} - Pr{D, + D3 < a — R*}]
- [Pr{D; > R*} - (v + wy) + Pr{D, + D4 > R*}
-Pr{Dy < R*} - (v4 + wa)
+ Pr{D; + D4 + D¢ > R*}
- Pr{D; + Dy < R*} - (v6 + ws)
—h-Pr{Dy+ D4y +Dg <R*}] =0

Derivation of Equation (34)

To prove the expected total profit function is concave, the
second derivative of the expected total profit should be proven
to be negative when evaluated at Rx.

d’E[M(a,R*)]  d?E[TT"(a, R")] N d?E[E[T1(B)]]
R R Rz

Thus, the second derivative of the expected total profit function
is derived as follows:

0

d’E[[J(R")] d *
T [(V2+W2)'EPT{D2 > R¥}
+ (va + wa)
4 D, + Dy > R*, Dy < R*)
R 2 4 Dy <
+ (Vs + we)
d
. ﬁPr{Dz + Dy + Dg > R*,Dy + Dy < R*}
I pe(Dy + Dy + Dg < R¥)]
Jg FriD2 4 6 <
- [Pr{D; + D3 > a — R*} - Pr{D; < a— R*}
+ Pr{D; + D3 + D5 > a — R*}
-Pr{D1 + D3 < a—R"}]
Then
dE[[T(R*
% = —[(v2 + w2) - o(R") + (v4 + w4) - fa(R")

+ (vs + we + h)
R*

: /fé(R* —x —y)dF(x)dF(y)]
0

-[Pr{D; + D3 > a — R*} - Pr{D; < a— R*}
+ Pr{D; + D3 + D5 > a — R*}
-Pr{D; +D3; <a—R*}] <0

Therefore, an optimal reservation level R« exists’ which can
maximise the expected total profit function.
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