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ABSTRACT 

Large chain restaurant brands operate complex and layered supply chains, where distribution center-level 
stockouts can spread downstream and cause shortages at the restaurant level. When a stockout is 
identified at the DC level, Armada Supply Chain Solutions (the sponsor company) responds with aggressive 
mitigation measures across all downstream locations to recover inventory at any cost. Such uniform action 
does not consider the likelihood, timing, and severity of the potential downstream stockouts that could 
occur due to this loss of inventory. This study develops a methodology for quantifying the resiliency of 
individual restaurants at the SKU level, using weekly inventory snapshots and daily shipment records to 
estimate consumption rates and project inventory levels for each downstream restaurant. The model 
classifies each restaurant into a risk tier based on projected days of inventory cover and gives planners a 
structured framework for prioritizing recovery actions across a network of hundreds of locations. By 
identifying which restaurants have enough on-hand inventory to absorb a disruption and routing them 
through standard shipping instead, the tool directly reduces unnecessary emergency freight spend. Even 
small reductions in the frequency of expedited shipments across a large restaurant network can result in 
substantial cost savings. Armada is recommended to pilot the tool with one or two brands before scaling 
it across the network. In the longer term, the company is encouraged to invest in building the data 
infrastructure needed to support more advanced predictive methods of stockout prediction. 
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1. INTRODUCTION 

 
The foodservice supply chain presents a unique challenge in balancing cost efficiency with service levels. 
For restaurant businesses, shortages of critical food items cause not only lost sales and operational 
disruption but also immediate damage to brand reputation. When a customer cannot order a menu item, 
the entire visit experience is compromised, and the lost sale cannot be recovered. When encountering a 
stockout, roughly 31% of customers switch to a competitor, while 9% forgo the purchase altogether 
(Gruen et al., 2002). Unavailable items also prevent customers from purchasing complementary and 
related products (Anderson et al., 2006), which results in additional revenue losses. Since holding excess 
safety stock is not practical for perishable goods, the risk of stockouts becomes even more acute. 
Supply chain complexity further increases this vulnerability. Large chain restaurant brands often operate 
extensive, multi-layered networks. Products move from suppliers through several tiers of distribution and 
forwarding centers before reaching restaurants, where they are finally served to customers. Stockouts at 
higher echelons of the supply chain can have a ripple effect and cause shortages at downstream nodes. 
Mitigating such stockouts becomes a costly undertaking, forcing companies to rush freight, execute inter-
distribution center (DC) transfers, and expedite orders with suppliers — all to ensure product availability 
at the restaurant level is maintained. 
Our capstone project sponsor, Armada Supply Chain Solutions, provides a case study for this challenge. 
Armada is a US-based provider of outsourced supply chain services in the foodservice space. Their services 
include supply chain planning, warehouse and transportation solutions, global logistics, and freight 
management (Armada, 2025). The company serves large fast-food restaurant brands and positions itself 
as an extension of their clients' supply chain organizations. They emphasize proactive disruption 
management, captured in their motto: "Resolving issues before you know they're there" (Armada, 2025). 
 

1.1 Motivation 
Armada acts as an integrator and orchestrator within the multi-tier supply chains of its foodservice clients. 
Armada is not a traditional logistics provider as the company does not own warehouses or control daily 
operations: its value proposition lies in data management, communication, and decision-making across 
the network. It functions as a "control tower" that enables visibility and coordination across brands, DCs, 
and restaurants, as well as proactive disruption and risk management for the entire network.  Fast food 
brands set strategic service and quality standards and contract directly with Armada for orchestration and 
DCs for warehousing and delivery. Each DC within the network manages forecasting and ordering 
independently but depends on Armada's analytical oversight and problem-solving both during regular 
operations and when disruptions occur. In the event of disruptions, Armada uses its network-level 
visibility to reallocate shipments and mitigate stockouts. 
Currently, Armada utilizes various practices to optimize operations at the distribution center level and 
minimize stockouts. These practices include setting target service levels by item, maintaining safety stock 
according to the target service level, and implementing tools for inbound pipeline visibility. However, 
none of these practices can eliminate stockouts completely. When a stockout is identified at the DC level, 
the sponsor company assumes that the DC-level stockout will lead to a stockout at the restaurant level 
and responds aggressively to recover inventory at any cost. Likelihood, timing, and severity of the 
downstream stockouts are not considered in this approach, which leads to expensive and unnecessary 
mitigation measures. Current approach also overlooks the fact that individual restaurants operate with 
their own inventory buffering strategies and can often absorb short-term disruptions even without 



   
 

   
 

additional resupply. The sponsor company seeks a data-driven way to distinguish critical stockouts from 
non-critical ones at the DC level, which would allow them to respond selectively rather than uniformly 
and ultimately reduce unnecessary operating costs while avoiding stockouts at the restaurant level. 

 

1.2 Problem Statement and Key Questions 
Our objective is to develop a methodology for quantifying the resiliency of individual restaurants at the 
stock-keeping unit (SKU) level. One way to measure resiliency is by estimating the probability of stockout 
for each SKU at each restaurant at any given time. When a stockout is detected at the DC level, this 
probability can be used to prioritize recovery actions. 
Restaurants that have the highest stockout risk would receive intervention immediately, while those with 
lower risk could be served through more economical options such as Less-Than-Truckload (LTL) or ground 
shipping, rather than costly expedited shipments. 
To examine this approach, we address the following key questions: 

• What methodology should the sponsor company follow to calculate the stockout probability for 
each SKU at each restaurant? 

• What are the key inputs, drivers, or variables that determine whether a restaurant will stock 
out? What assumptions should we make, and what are the limitations of our model? 

• How can stockout probability be expressed to reflect both the timing and severity of potential 
restaurant-level shortages? 

 

1.3 Project Goals and Expected Outcomes 
Ultimately, the model will estimate the probability of a restaurant-level stockout given a DC-level stockout 
for a specific SKU. For example, if SKU A is expected to stock out at the DC today, the model will project 
the stockout probability for each restaurant that depends on that SKU over the next seven days. With 
these probabilities, the sponsor company can identify which restaurants are truly at risk and how soon a 
stockout might occur if they do not receive a new shipment of that SKU. This enables them to determine 
how much time they have to respond and the latest possible date by which a shipment must arrive to 
prevent a restaurant-level disruption. 
This visibility will allow the sponsor company to deploy expedited recovery actions only for high-risk 
locations while slower, lower-cost alternatives can be used for lower-risk locations. This enables the shift 
from uniform response strategies to a more cost-efficient targeted prioritization. 
  



   
 

   
 

2. STATE OF THE PRACTICE 

In recent years, as data availability and analytical capabilities have grown, data-driven predictive methods 
have become the prevailing approach to managing stockout risk. Such methods allow planners to 
anticipate when inventory will run out and intervene before a shortage occurs. Two broad analytical 
approaches are used to anticipate stockouts in foodservice: forecasting demand and inferring stockouts 
from projected inventory depletion, and predicting stockout events directly from historical outcomes. 
 

2.1 Demand Forecasting–Based Stockout Prediction 
Within the first analytical approach, forecasting demand and inferring stockouts, organizations rely on 
several techniques. Traditional time-series forecasting is the most commonly used tool in this category. It 
models historical consumption rates and extrapolates them into the future. Common techniques include 
moving averages, exponential smoothing, the Holt-Winters approach, and Auto-Regressive Integrated 
Moving Average (ARIMA) models. These four techniques are well established in the forecasting literature. 
Moving averages, the baseline method, forecast future demand as the average of a fixed number of recent 
observations (Hyndman et al., 2021). Exponential smoothing builds on this by assigning greater weight to 
more recent data. The Holt-Winters model, in turn, extends exponential smoothing and adds components 
for trend and seasonality (Holt, 1957; Winters, 1960). ARIMA is a more complex statistical method that 
models demand as a combination of past values and past errors and captures autocorrelation and 
stochastic noise (Hyndman et al., 2021). Selecting the right forecasting method depends on the 
availability, granularity, and underlying patterns in historical data, as well as on how stable demand and 
lead times are. 
Regression-based prediction incorporates external variables into the model in addition to historical 
demand values. Recent studies show that this approach improves forecasting accuracy in perishable food 
supply chains: for example, a 2025 study of a food-demand forecasting system found that combining time-
series models with regressors (such as weather, holidays, and price) improved predictions (Hussain & 
Prabhu, 2025). This approach relies on the assumption that the relationships between predictors and 
demand are reasonably stable and are captured by the model. 
Machine learning (ML) techniques are also used to improve demand forecasts. Algorithms such as 
Random Forests, Gradient Boosting, and Neural Networks can capture relationships among both historical 
demand data and external features such as weather, promotions, and macroeconomic conditions. In some 
retail environments, ML models have been shown to outperform classical time-series methods, 
specifically if large SKU-level datasets and complex external drivers are available, as illustrated in a 2020 
study on bakery sales predictions (Huber & Stuckenschmidt, 2020). In other studies, traditional 
approaches still showed strong performance: for example, Lindfors (2021) demonstrates that ARIMA-
based models match or exceed multiple ML algorithms for retail sales forecasting. Islam et al. (2024) 
compare the performance of multiple ML methods, including Random Forest, XGBoost, and Neural 
Networks, as well as hybrid methods. The study concludes that hybrid machine-learning models can 
deliver higher forecasting accuracy than individual ML algorithms. To be feasible in practice, however, all 
of these models require large, clean, granular, and reliable historical data and external feature inputs. 
More recently, generative AI methods have begun to emerge. Such methods combine time-series 
forecasts with Large Language Model (LLM)-derived insights from unstructured data. Abad (2025) 
introduces an approach that correlates residual forecasting errors with semantic signals found in 
contextual unstructured data. In a retail-specific example, an LLM analyzes internal emails that describe 
external events and produces estimates of impact, lag, and confidence. These variables are incorporated 



   
 

   
 

as additional inputs to the time-series forecast. This approach requires reliable pipelines to capture, clean, 
and process large volumes of unstructured text. 

Once a demand forecast has been produced, stockouts can be inferred either deterministically or 
probabilistically. Deterministically, planners estimate when cumulative forecasted demand will exceed 
on-hand stock plus confirmed replenishments. Some organizations extend their demand forecasting 
models with probabilistic stockout simulation. Instead of treating demand and lead time as fixed inputs, 
this method models them with probability distributions, commonly Normal or Poisson (Silver et al., 1998). 
These models simulate inventory depletion and allow demand planners to move from relying on a single 
forecast point estimate to calculating stockout probabilities. In many foodservice environments, however, 
historical data is too limited or noisy to reliably estimate demand distributions. 
 

2.2 Direct Stockout Prediction Approaches 
In contrast to methods that first forecast demand and then infer stockouts, the second major approach 
forecasts stockout events directly. Some organizations apply machine-learning classification to estimate 
the probability of a future stockout based on past purchase orders (PO), inventory, and stockout data. 
Such supervised classification models must be trained on labeled historical outcomes, which means that 
organizations must identify and timestamp each past stockout and reconcile those events with 
corresponding inventory records. A 2025 study by Liu et al. tested such an approach for a large retail 
company and found that it performs well in handling large and imbalanced data and significantly improves 
predictive performance. 
There are also non-ML-based direct detection mechanisms that identify stockouts without forecasting 
demand. For example, Sainsbury's "Shelf Availability Monitor" (SAM) uses point-of-sale-based anomaly 
rules to flag likely out-of-stock items when expected sales patterns disappear (Corsten & Gruen, 2003). 
However, these approaches identify stockouts only after they occur and do not allow for forward-looking 
prediction. 
Together, these methods illustrate how stockout prediction in foodservices is largely driven by demand 
forecasting. While there is evidence that probabilistic, machine-learning, and GenAI-based techniques can 
improve accuracy, they are still being used selectively only where data and capabilities allow. 
  



   
 

   
 

3. METHODOLOGY 

The methodology in this study is shaped primarily by the limitations of the data available from the sponsor 
company. Restaurant inventory is reported only at a weekly frequency as end-of-week snapshots, while 
shipment data is available at a daily level but does not include forward-looking purchase orders or 
confirmed future deliveries. There is also a reporting lag in inventory reports: weekly ending inventory 
data for each restaurant is only made available to Armada on the Monday following the reporting week. 
Therefore, Armada has no visibility into real-time, on-hand inventory at the restaurant level when a 
disruption occurs. This limitation rules out methods that require continuous or real-time inventory 
tracking, including the deterministic inventory depletion models, probabilistic stockout simulation, and 
machine learning and generative AI-based demand forecasting techniques described in Section 2.1. In 
addition, the sponsor does not maintain a history of restaurant-level stockout events with consistent 
labels. Since emergency or off-schedule shipments often replenish inventory before a stockout is 
observed, these stockout events cannot be reliably inferred from the available data. As a result, there is 
no clean target variable that can be used to train or validate models that predict stockouts directly, 
eliminating the supervised machine learning classification and point-of-sale anomaly detection 
approaches described in Section 2.2. 

These constraints limit the use of demand forecasting methods that require detailed daily consumption 
data or full visibility into future supply. As a result, this study adopts a stock-flow–based approach that 
infers consumption and projects inventory using the information that is available to the sponsor. The 
resulting framework estimates the probability and timing of restaurant-level stockouts following a known 
DC-level disruption, enabling the sponsor to identify which restaurant–SKU pairs are most at risk over a 
seven-day horizon and to prioritize recovery actions accordingly. 

This paper uses standard set-theoretic notation for clarity and conciseness. The following sections define 
the key notations, required datasets, and steps used in the analysis. 
 

3.1 Data Collection and Preparation 

Notations and Sets 
The following notation is used throughout the methodology: 
 
𝑃:	Sets of SKUs 

𝐶:	Sets of Restaurants 

𝑇:	Today's date 

𝐵:	Report date of the latest weekly beginning inventory 

𝑆:	DC stockout date for a given SKU 

𝐸:DC	stockout	end	date	for	a	given	SKU 

𝑊:	Sets of Weeks 

𝑍:	Sets of dates 



   
 

   
 

𝐽:	Weekday stamp for each date t (convert date to weekday, then covert to J	= 0 = Mon,…, J = 6 = Sun)	 

𝑛!"# =	∆#!= 𝑆 − 𝐵:Number of days between stockout date and the latest beginning inventory reported date 

𝑛$"# = ∆#$= 𝑇 − 𝐵:Number of days between today's date and the latest beginning inventory reported date 

𝐹𝑜𝑟	𝑆𝐾𝑈	𝑝 ∈ 𝑃,  𝐹𝑜𝑟	𝑅𝑒𝑠𝑡𝑎𝑢𝑟𝑎𝑛𝑡	𝑐 ∈ 𝐶,	𝐹𝑜𝑟	𝑊𝑒𝑒𝑘𝑑𝑎𝑦	𝑙	 ∈ 𝒟%, 𝐹𝑜𝑟	𝑑𝑎𝑡𝑒	𝑡 ∈ 𝑍, 𝐹𝑜𝑟	𝑤𝑒𝑒𝑘	𝑤 ∈ 𝑊: 

𝐼&%' :	Inventory level for a product restaurant pair at the end of the day on date t 

𝐼&%( :	Inventory level for a product restaurant pair at week W 

𝑑&%:	Median daily consumption (calculated) 

𝜎&%:	Standard deviation of daily consumption per day 

𝑟&%' :	Observed shipment quantity received on date t 

𝑞]&%):	Projected shipment quantity applied on each schedule delivery day J 

𝒟% ⊂ {0,… ,6}:	set of weekdays when restaurant C receives delivery (0=Mon, 6=Sun) 

So	𝒟% = {0, 2, 4}	represents Monday, Wednesday, Friday delivery 

 

Dataset Review and Preparation 
The methodology relies on two primary data sources provided by the sponsor company: 
Weekly Ending Inventory Report. This report contains weekly ending-inventory levels (𝐼!"# ) at each 
restaurant, for all SKUs that a restaurant is holding. Sunday is considered the end of the week. The current-
week ending inventory balance becomes the beginning inventory balance for the following week. This 
report is also used to derive weekly and daily consumption rates (𝑑!"). 
DC-to-Restaurant Sales Order Detail. This report lists shipment quantities, ship dates, and store IDs. The 
Store ID enables a link to the weekly ending inventory report. Ship dates along with store IDs are used to 
derive a delivery schedule for each restaurant (Dc). The delivery schedule for a restaurant is fixed. Same-
day delivery is always enforced between DCs and restaurants. 
Together, using these datasets we can reconstruct restaurant-level inventory behavior, consumption 
rates, and replenishment timing for each SKU. As part of data preparation, both input files are reformatted 
into structured formats suitable for simulation. Inventory values are converted to numeric format, SKU 
identifiers are extracted from descriptive fields, shipment dates are normalized to a daily level, and daily 
shipment quantities are aggregated by restaurant, SKU, and date. 
 

3.2 Consumption Forecasting 
We assume that weekly consumption is a representation of demand. Because we do not have visibility 
over the daily consumption of each restaurant-product pair, we assume daily consumption is evenly 
spread throughout the week. The weekly consumption is calculated as the median of weekly consumption 
using all historical data available, weighted equally. The following formula is used to calculate daily 
consumption: 



   
 

   
 

𝑑!" =
𝑚𝑒𝑑𝑖𝑎𝑛	{𝐼!"

(#) + 𝑟!"
(#) − 𝐼!"

(#&')|𝑤 = 1,… ,𝑊}
7

 

Using the median filters out unusual "spikes" or "crashes" in weekly consumption caused by bad inventory 
counts, atypical shipments, special events, or bad data entries. 
 

3.3 Inventory Projection 
Inventory projection is the core of the model. Given the DC stockout date S and stockout SKU P, the goal 
is to compute projected ending inventory levels for each date t in a forecast horizon (𝑡 = 𝐵,… , 𝐵 + 𝑛) 
for each restaurant c that carries SKU p. The model performs the following steps: 

1. Identify relevant restaurants 𝐶 that have ordered the product	𝑃 in the past. 
2. Identify the most recent beginning inventory reported date; set date 𝑡 = 𝐵 and set the value of 

inventory level on date 𝐵 as the beginning inventory level 𝐼!"( . 
3. Extract delivery schedule weekdays for all relevant restaurants, 𝒟"  
4. Label each date 𝑡 with 𝐽, starting from 𝑡 = 𝐵 ≤ 𝑆 ≤ 𝑆 + 7. 𝑆 + 7. The seven-day window after 

the stockout date allows the company to identify opportunities for cost savings using slower or 
less aggressive recovery methods. 

5. Calculate the ending inventory level 𝐼!"  for each date 𝑡. The ending inventory level for date 𝑡 
becomes the beginning inventory level for the next day 𝑡 + 1: 

𝐼𝑛𝑖𝑡𝑖𝑎𝑙	𝐼𝑛𝑣𝑒𝑛𝑡𝑜𝑟𝑦 = 𝐼!")*( 
𝐼!") = 𝐼!")+' − 𝑑!" + 𝑟!") + 𝑞E!",  

Where 𝑟!")   is the observed shipment quantity received (applies only for 𝐵 ≤ 𝑡 ≤ 𝑇), and 𝑞E!", 	is 
the projected shipment quantity (applies only for 𝑡 ≥ 𝑇 when 𝐽 matches a scheduled delivery day 
in 𝒟". 

6. Calculate 𝑞E!",  based on the median value of all historical shipment quantities multiplied by the 
percentage share in a week that the restaurant is ordering the product on each scheduled 
delivery weekday 𝐽: 

𝑀!" = 𝑚𝑒𝑑𝑖𝑎𝑛{𝑟!"' , 𝑟!"- , … , 𝑟!") } 

𝑃!", =
∑ /!"##∈% ∙1#&
∑ /!"#∈%

 				𝑤𝑖𝑡ℎ:	𝛽)2 = 1	𝑖𝑓	𝑡	𝑎𝑛𝑑	𝑙	𝑎𝑟𝑒	𝑡ℎ𝑒	𝑠𝑎𝑚𝑒	𝑤𝑒𝑒𝑘𝑑𝑎𝑦 

𝑞E!", = 𝑀!" × 𝑃!"(𝑗) 
With these inputs in place, the model can project day-by-day inventory levels for each restaurant that 
carries the impacted SKU from the latest reported snapshot through the end of the disruption window. 

3.4 Stockout Risk Classification 
Projected inventory levels are the foundation for assessing stockout risk, measured through days of 
inventory cover. For a given SKU number, a projected inventory level at or below zero indicates a potential 
stockout event for that restaurant. Days of inventory cover also quantifies how much time a restaurant 
has before a potential stockout, allowing the company to act accordingly. 

Each restaurant is assigned to one of five risk tiers based on its projected days of inventory cover on the 
DC stockout date, calculated as projected inventory divided by average daily consumption: 



   
 

   
 

Days	of	Inventory	on	date	𝑡	for	restaurant	𝑐	and	product	𝑝 = 	
𝐼!")

𝑑!"
 

Risk tiers definition: 
• “Most Critical”: Projected inventory at or below zero — immediate action required (e.g. 

expedited shipping) 
• “High Risk”: Less than one day of inventory cover remaining — urgent action needed 
• “Action Needed”: Between one and three days of inventory cover — standard replenishment 

should be initiated 
• “Monitor”: More than three days of inventory cover — lower immediate priority 
• “Unknown”: Days of cover cannot be computed due to a missing or zero consumption rate 

The thresholds for each tier were determined in consultation with Armada’s supply chain team based on 
their operational experience with typical lead times in the foodservice industry. This classification can be 
used to determine selective, cost-efficient responses instead of uniform interventions across all 
restaurants. 
 

3.5 Model Limitations 
The model has the following limitations: 

• Limited data history reduces the ability to detect trends, seasonality, and the shape of the 
consumption distribution, as well as the ordering cadence 𝑞E!",  

• External factors (promotions, local events, weather) are not explicitly modeled. 
• The model assumes accurate Enterprise Resource Planning (ERP) system data synchronization 

across DCs and restaurants. 
• The method does not consider delivery service capacity. 

  



   
 

   
 

4. RESULTS AND DISCUSSION 

The methodology described in Section 3 was applied to real shipment and inventory data provided by 
the sponsor and implemented as a working prototype. The following results show the tool's practical 
value in a supply chain disruption situation. 

4.1 Model Implementation and Computational Workflow 

Prototype Architecture 
The model is implemented as a Python-based prototype in a data notebook environment. It is meant to 
be run manually whenever a distribution center disruption occurs. The workflow is modular: separate 
functions handle data transformation, parameter estimation, and daily inventory projection. Intermediate 
outputs are stored in indexed dictionaries to enable efficient lookup during simulation: these outputs 
include restaurant delivery schedules, expected shipment quantities, and daily consumption rates per 
restaurant and SKU. The inventory projection module of the tool calculates daily inventory levels for each 
restaurant-SKU pair and then combines the results into a structured table. These results are shown to the 
user through a dashboard that displays the following elements: 

• A summary of the data processed  
• Key metrics, such as how many restaurants have ordered the affected product and how many are 

at risk during the disruption  
• A detailed table that classifies and prioritizes risk for each restaurant 

Data Preparation Pipeline 
The workflow of the tool begins by ingesting and transforming the two input datasets (Restaurant 
Inventory and DC-Restaurant Shipments) into structured formats. The weekly inventory file is cleaned by 
fixing column headers, removing extra non-data rows, and converting all relevant values into numbers. 
The DC-to-restaurant shipment file is standardized in a similar way: SKU identifiers are extracted from the 
SKU description field, shipment dates are normalized to a daily level, and entries where the store ID does 
not match any restaurant in the inventory file are removed. Daily shipment quantities are then aggregated 
by restaurant, SKU, and date. 

Intermediate Parameter Estimation Modules 
After the data is prepared, the tool creates several intermediate lookup objects used during projection. 
First, delivery schedules are created for each restaurant by extracting historical shipment weekdays from 
the DC-to-restaurant shipment file. These are stored as a dictionary mapping each restaurant to a list of 
eligible delivery weekdays. Second, two shipment-related components are created for each restaurant: 
expected shipment volume and a ordering frequency per weekday. These components are combined to 
estimate an expected inbound quantity for each restaurant-SKU-weekday combination. Next, restaurant 
consumption rates are estimated based on historical inventory flow. These are stored in dictionaries as 
weekly values keyed by (restaurant, SKU) and daily values keyed as (restaurant, SKU, weekday). 
 

Inventory Projection Module 

The daily inventory projection module is the main “engine” of the tool. It projects inventory forward for 
each restaurant that carries the selected SKU based on the previously created parameter objects. The 
simulation moves forward one calendar day at a time and records each day's projected inventory value in 
an output table. For each day, inventory is updated by subtracting estimated daily consumption and 



   
 

   
 

adding any applicable inbound quantity. For all dates up to the analysis date, the model uses actual 
recorded shipments. For future dates prior to the DC's expected stockout date, expected shipment 
quantities are used. After the DC stockout date, inbound supply to the restaurant simulated is set to zero. 
The reliability estimate of both the consumption rate and the projected shipment quantity estimates is 
based on the number of shipment records available for a given restaurant-SKU pair in the DC-to-restaurant 
sales order detail file (referred to as “shipment lines” in the tool interface). If a restaurant only has a few 
historical shipment lines in the provided data, the shipment quantity estimates are less reliable, which 
affects confidence in the results. The simulation continues for up to 30 days or stops earlier if inventory 
reaches zero or below. 

Output Structure  

The dashboard presents results to the user in four panels: “Load Summary,” “Summary Metrics,” “Risk 
Bands,” and “Daily Projections”. The “Load Summary” panel shows the shape of the data processed and 
displays the number of inventory rows, sales rows, and restaurant–SKU pairs that had been loaded into 
the tool. The “Summary Metrics” panel shows four headline figures. The first is the total number of 
restaurants that have ever ordered the affected SKU. The second is the number of restaurants included 
in the projection model after filters are applied. The third figure is the number of restaurants classified as 
at-risk during the evaluation window. The fourth is the number of restaurants where projected inventory 
was already below zero on or before the DC stockout date: the user is able to hide these locations from 
the main table. The “Risk Bands” panel classifies all restaurants into five risk tiers based on their projected 
days of inventory cover on the evaluation date. The “Most Critical” restaurant label indicates that 
projected inventory is at or below zero. “High Risk” indicates less than one day of inventory cover 
remaining, and “Action Needed” indicates between one and three days. “Monitor” indicates more than 
three days of cover: restaurants in this tier are lower immediate priority. “Unknown” is assigned when 
days of cover cannot be calculated due to a missing or zero consumption rate. The user can click on any 
band to filter the table to only that band. An additional toggle is available that allows the user to hide 
restaurants whose projected inventory was already negative on or before the DC stockout date. This is 
done to isolate locations whose risk is directly attributable to the disruption as opposed to other unrelated 
inventory issues. 

The "Daily Projections” panel offers the most granular view of restaurant inventory position. Each row in 
the table shows the restaurant identifier, daily consumption rate, projected inventory on the evaluation 
date, days of inventory cover, risk band, the first date within the disruption window on which projected 
inventory reaches zero or below, and the number of shipment records for the affected SKU found in the 
DC-to-restaurant sales order detail file. The last measure is a proxy for how actively the restaurant has 
been ordering the item historically. Clicking on any restaurant row in this table expands a detail panel 
below. It shows the selected restaurant's delivery schedule, average weekly and daily consumption rates, 
and shipment history statistics, as well as a day-by-day projection table. Each row of that table contains 
information on the date, daily consumption, inbound quantity, net change in inventory, and projected 
ending inventory. This data allows the user to trace exactly how and when a given location is expected to 
run out of its stock. Illustrative examples of the dashboard output are provided in Section 4.2. 

4.2 Operational Application: Illustrative Disruption Scenario 

The intended user of the tool is a supply chain planner within Armada's control tower organization. The 
tool is designed to assist the planner in monitoring inventory risk across restaurants in all DCs' delivery 



   
 

   
 

networks and coordinate recovery actions in the event of supply disruptions. When a DC-level stockout 
of any SKU occurs, the planner must determine which restaurants are truly at risk, how much time is 
available to intervene, and what the intervention should be. 

The tool supports this process end-to-end. From the user's perspective, the tool requires four inputs: the 
affected item's SKU identifier, the DC's expected stockout start date, the DC's expected stockout end date, 
and today's date. The DC's expected stockout date and impacted SKU come from the ERP/planning 
system, which projects when inventory will run out based on current stock and planned incoming 
shipments. The current date is used to map the analysis to the latest available restaurant inventory value 
and actual observed shipments. Because the prototype is not connected to live ERP systems, the planner 
must also upload the most recent restaurant inventory report and DC-to-restaurant shipment detail file 
before running the analysis. Once these inputs are provided, the tool produces the risk classification and 
prioritization output described in Section 4.1. It ranks all restaurants that carry the affected SKU by their 
projected inventory position within the DC stockout window. 

To demonstrate how the tool's output translates into planner decisions, consider the following scenario.  

Assume that on September 10, 2025, the ERP system indicates that the DC is expected to stock out of Item 
16302 on September 20, 2025. The planner uploads the data files, enters Item number 16302, September 
20 as the DC expected stockout date, September 25 as the evaluation date, and September 10 as today's 
date, and runs the tool (see Figure 1). 

 

Figure 1: Tool input panel configured for Item 16302 with DC stockout date of September 20, 2025 and 
evaluation date (i.e. stockout end date) of September 25, 2025. 

Once the analysis is complete, the tool classifies all modeled restaurants into risk tiers based on their 
projected days of inventory cover on the DC stockout end date, as shown in Figure 2. Of the 129 



   
 

   
 

restaurants included in the projection model, 33 are classified as Most Critical, 9 as High Risk, 12 as Action 
Needed, and 75 as Monitor. 

 

Figure 2: Risk band summary and prioritization table for Item 16302. 

To illustrate the example in more detail, consider two restaurants. As shown in Figure 3, Restaurant 38 is 
classified as “Most Critical” with a first stockout date of September 21, while Restaurant 993 is classified 
as “Monitor” with no projected stockout in the window.  

Figure 3: Prioritization table for Item 16302; it shows that Restaurant 38 is classified as “Most Critical” 
with a projected stockout on September 21, 2025, and Restaurant 993 is classified as “Monitor” with 
no projected stockout in the stockout window. 

Restaurant 993 starts with 335 cases of item 16302 on September 17 and consumes about 21 cases per 
day. The model assumes that regular scheduled deliveries continue until September 20, after which no 
new supply arrives. Even without additional shipments, inventory declines relatively slowly and remains 
positive throughout the evaluation period: there are still 167 cases on hand as of September 25, which is 



   
 

   
 

more than a week of buffer past the DC stockout date. With 11 shipment records in the sales data, the 
consumption and replenishment estimates for this restaurant are based on a reliable order history. For 
this restaurant, expedited freight is unnecessary. Figure 4 shows the day-by-day inventory projection for 
Restaurant 993, with rows through September 20 displayed. 

 

Figure 4: Day-by-day inventory projection for Restaurant 993, Item 16302; it displays projected on-hand 
inventory remaining positive through the evaluation date of September 25, 2025 (rows through 
September 20 shown) 

As demonstrated in Figure 5, Restaurant 38 has a consumption rate of approximately 42 cases per day, 
which is higher than Restaurant 993. The model shows that Restaurant 38 is projected to stock out on 
September 21 (only one day after the DC stockout date). By the evaluation date its projected inventory 
position reaches negative 189 cases. With 13 shipment records available for the restaurant, the user can 
have a solid level of confidence that the estimated consumption rate reflects its actual ordering behavior.  

 

 



   
 

   
 

 
Figure 5: Day-by-day inventory projection for Restaurant 38, Item 16302. Projected on-hand inventory 
turns negative on September 21, 2025, one day after the DC stockout date (rows through September 23 
shown). 

Without the tool, both restaurants might be treated as equally urgent. However, based on the output of 
the tool, Restaurant 993 can use its existing buffer stock and wait until the next scheduled replenishment 
or be served through lower-cost recovery options, while Restaurant 38 requires immediate intervention. 
The tool, therefore, enables cost-efficient, targeted prioritization. 

4.3 Limitations 
The prototype has the following limitations related to implementation: 

• As noted in section 4.2, the tool is not integrated with Armada’s automated ERP databases, and 
therefore the supply planner must execute the tool manually. The user is required to load 
updated data files and specify all required parameters. 

• The projection module uses a sequential method to process restaurants for a selected SKU as 
opposed to being optimized for large-scale parallel computation. The processing time of the tool 
may be higher if larger datasets with more historical data are supplied. Longer forecast horizons 
would also affect the tool runtime. 

• The forecast horizon is defined within the prototype and does not adjust automatically based on 
restaurant consumption patterns or ordering frequency. 

• The input validation performed by the tool is limited: it assumes that all the data files provided 
are properly formatted and pre-cleaned. 



   
 

   
 

These constraints are expected at the prototype stage and may be resolved according to the future work 
recommendations in Section 5.2. 

  



   
 

   
 

5. RECOMMENDATIONS 

This study developed a methodology for estimating restaurant-level stockout risk in the event of a DC-
level supply disruption. The methodology was also implemented as a working prototype for Armada's 
planning team. Our tool is designed to be applied to real brand data used by Armada; it differentiates 
restaurants by risk level and gives planners a clear basis for deploying targeted recovery actions for 
every disruption instead of responding uniformly. The following recommendations outline how Armada 
can take advantage of these findings and build toward a more powerful version of this tool over time. 

5.1 Management Recommendations 

We recommend that Armada pilots the tool with one or two brands before scaling it across the full 
network. A pilot program would allow the team to validate risk classifications against planner judgment 
and assessment in real disruption scenarios: over time, this may enable the users to adjust the risk band 
thresholds based on operational experience. Brands with reliable, clean, and consistent inventory and 
shipment data and a history of DC-level disruptions would be strong candidates for the pilot program. 
Once confidence in the outputs is built, the tool may be used to make recovery decisions at scale. 

The financial opportunity is meaningful because Armada's current uniform response to DC stockouts 
carries significant cost. The tool directly reduces unnecessary emergency freight spend by identifying 
which restaurants have enough on-hand inventory to absorb a disruption and routing them through 
standard shipping instead. Even small reductions in expedited shipment frequency across numerous 
restaurant locations can create substantial cost savings. In addition, ensuring that truly at-risk 
restaurants are identified promptly and receive immediate intervention can help the company protect 
service levels and customer experience. This supports Armada's value proposition to its brand clients 
and, ultimately, their ability to retain customers. 

During the pilot stage, Armada is recommended to track and record recovery actions taken in response 
to the tool's recommendations, as well as their outcomes. This will generate labeled historical data 
which may be then used to validate and improve the model over time. In addition, such historical data 
will allow Armada to quantify cost savings from avoided expedited shipments. Sharing this information 
with brand clients may serve as a demonstration of Armada's analytical capabilities. 

5.2 Future Work 

There are multiple areas of future development for this tool. First, connecting the prototype to live DC 
ERP systems would eliminate the need for manual file uploads. This would allow the tool to be used in 
real time as disruptions occur. Second, once the company accumulates a sufficient record of labeled 
stockout events, the model should be validated against historical stockout outcomes. That way, risk 
band thresholds can be adjusted empirically. That same record would function as labeled historical data 
and unlock more advanced predictive approaches, such as the machine learning classification methods 
described in Section 2. Third, the tool currently analyzes one SKU at a time, but DC-level disruptions 
often affect multiple items simultaneously. Extending the tool to support multi-SKU processing would 
allow planners to assess network-wide risk across all affected items in a single run of the analysis. 
Fourth, as the tool is scaled to larger datasets, the projection module should be optimized for parallel 
computation to keep runtime manageable across the full restaurant network. 



   
 

   
 

The accuracy of the model's estimates could also be improved through better input data. Currently, 
restaurant inventory snapshots are only available at a weekly frequency and are not shared with 
Armada until the following Monday. Access to daily inventory data reported in real time would enable 
the model to start projections from a much more current point in time. In addition, daily consumption is 
currently assumed to be evenly distributed across the week because daily inventory or point-of-sale 
data is not available at the restaurant level. With access to daily usage data, the model could capture 
day-of-week consumption patterns, which would improve both the inventory projection and the 
stockout probability estimate. In addition, incorporating forward-looking PO data would help estimate 
future replenishment more accurately, particularly for restaurants with limited order histories. In the 
longer term, as Armada builds richer historical data infrastructure, more sophisticated methods may 
become viable, including machine learning classification and probabilistic inventory simulation, as 
described in Section 2. Building this data infrastructure should be a strategic priority. 

This work is relevant not only for Armada, but also for other supply chains. The challenge of 
distinguishing critical from non-critical disruptions is common in foodservice and other perishable supply 
chains. The framework developed in this study offers an approach for companies that face similar data 
constraints without requiring real-time inventory visibility or extensive historical records. 
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