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Abstract: Sales cease to reveal demand when stock runs out. We examine the decision 
cost of ignoring that fact in an executed twenty-four-item, one-period inventory study. 
Each item has a fixed generated Poisson demand rate, five hundred historical days with 
exogenous stock levels, and twenty thousand independent evaluation demands. A sales-
mean estimate is compared with a grid maximum-likelihood estimate that treats stock-
equal sales as right-censored observations. Both feed the same newsvendor rule with 
shortage cost nine and overage cost one. Mean evaluation cost is 13.6830 for the sales-
mean policy, 5.7428 for censored likelihood, and 5.7136 for a known-rate reference. 
Rate RMSE falls from 3.7571 to 0.2770. A conserved unit-flow graphic, censored-tail 
diagram, likelihood ridges, and order staircase connect data recording to economic 
consequences. Results depend on stationary Poisson demand, correctly recorded stock, 
and a fixed historical sampling design. They establish neither dynamic-policy regret 
nor a retail deployment result, but show why an accurate model of the observation 
process belongs inside a learning-to-decision pipeline.
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1 The managerial quantity is hidden

A shop that stocks eight units and sells all eight has observed at least eight units of demand. It has not 
necessarily observed exactly eight. Treating that record as an uncensored demand realization turns a 
supply constraint into an apparent customer preference. A learning system can then recommend too 
little inventory, generate further stockouts, and continue receiving sales that appear to confirm its low 
forecast. This paper studies the first part of that mechanism under a fixed historical design, where the 
observation rule can be written exactly.

The decision is deliberately simple. A retailer selects a one-period stock quantity for each of twenty-
four generated items. Unmet demand costs nine per unit and excess stock costs one per unit. There is 
no replenishment during the period, no carryover, no lead time, no substitution between items, and no 
capacity coupling. These restrictions make it possible to identify the consequence of demand estimation 
without confounding it with a large optimization problem. The resulting objective is an expected cost 
under a known evaluation generator, not observed revenue from an actual retailer.

Two estimators supply the demand model. The first uses average historical sales as if every day 
revealed full demand. The second uses the likelihood of the recorded event, distinguishing exact sales 
below stock from a tail event when sales equal stock. Both choose inventory with the same cost ratio 
and the same Poisson quantile calculation. A third policy receives the true demand rate as a reference. 
Holding the decision rule fixed ensures that  differences in economic performance arise from the 
estimated demand distribution rather than from a different optimization procedure.

Applied Artificial Intelligence and Computing Systems
https://www.scigate.org
Science Gate Academic

Vol. 5, No. 6, 2026



2 From inventory theory to a learning pipeline

Classical inventory policy [1] and dynamic lot-size planning [2] establish that stock decisions depend 
on the objective and operational structure. Our one-period problem should not be confused with those 
broader dynamic settings. Sample-average stochastic optimization [3] provides a general connection 
between data and decisions, while the big-data newsvendor [4], predictive-to-prescriptive analytics [5], 
and smart predict-then-optimize [6] emphasize that forecast quality should be assessed in relation to its 
downstream use. We use a transparent parametric likelihood so that this connection can be inspected 
directly.

Task-based learning [7] offers another route to incorporating decision consequences into model 
fitting. Lost-sales theory [8], nonparametric censored-demand planning [9], and analysis of censoring 
in the newsvendor [10] show that incomplete observations have a substantive effect on what can be 
learned. Demand estimation using stockout timing [11] highlights the value of richer transaction records. 
Our data contain only daily stock and sales, not within-day timing. The likelihood therefore uses the 
information actually generated rather than assuming an observation granularity that the experiment does 
not possess.

Kaplan–Meier estimation [12], multiproduct data-driven algorithms [13], retail-operations research 
[14], and adaptive censored-demand control [15] provide alternatives and broader context. General 
statistical learning [16] and introductory learning methods [17] clarify estimation issues, but no machine-
learning benchmark is reproduced. A 2026 exact analysis of the value of censored newsvendor data [18] 
further emphasizes that information quality matters independently of data volume. Our contribution is 
an executed parametric case with a visible likelihood and a common downstream rule, not a new worst-
case guarantee or nonparametric regret bound.

3 What the historical record contains

For each of twenty-four items, the true Poisson rate is drawn uniformly between three and fifteen. It 
stays fixed throughout the study. Five hundred historical days per item receive independently drawn 
integer stock levels from four through twelve. Demand is drawn independently conditional on the item's 
rate, and observed sales equal the smaller of demand and stock. Random seed 3701 fixes the collection. 
Historical stock is exogenous: it does not depend on earlier sales or on a fitted policy. This removes 
adaptive collection effects so that the likelihood comparison has a clear interpretation.

Di t ~ Poisson( λi ) ,Y i t=min(Di t ,Qi t ) (1)

The evaluator knows latent demand because the data are generated, but the estimators receive sales 
and stock only. A censoring flag is defined by sales equal to stock. When demand happens to equal 
stock exactly, that day is still treated as censored because the observed record does not distinguish exact 
equality from a larger latent demand. The corresponding event is demand greater than or equal to stock, 
not strictly greater. This boundary detail matters in a discrete distribution and determines the correct tail 
probability in the likelihood.

The fraction of censored item-days is 65.18%. This is a frequency of records whose sales equal stock, 
not the fraction of demand units lost. Figure 1 uses unit totals and therefore answers a different question. 
A day with a small stockout and a day with a large stockout each contributes one censored record, while 
their lost-unit totals can differ greatly. Keeping these quantities separate helps prevent a seemingly 
intuitive percentage from being assigned the wrong business meaning.



Figure 1. Conserved historical unit flow across all items and days. Generated demand splits into observed sales 
and unobserved lost units. The evaluator can compute both branches; the fitted estimators receive only sales 

and historical stock.

4 Estimating a rate from an exact event

For an uncensored day, the contribution to the likelihood is the probability mass at the observed sale. 
For a censored day, it is the probability that demand reaches or exceeds the known stock level. The 
product over days becomes a sum of log probabilities. The rate estimate is the maximum over a fixed 
grid from 0.2 to 25 with 497 points. All generated rates lie inside that range. The grid spacing is 0.05, 
which adds a small numerical approximation to the maximum-likelihood fit.

ℓ i( λ )=∑
Y <Q

log pλ(Y )+∑
Y =Q

log Pr λ(D≥Q ) (2)

The naive estimate is simply average sales. Its problem is structural: the expectation of a minimum 
is generally below the expectation of demand. Increasing the number of days can make the sales mean 
more precise without making it converge to the true rate. It converges to the mean of the censored 
observation. In contrast, the likelihood encodes how different stock levels reveal different parts of the 
demand distribution. Under correct specification and adequate stock variation, those events can identify 
the rate even though individual lost demands remain unobserved.

E [min(D ,Q )]=E [D ]−E [(D−Q )+ ] (3)

Censoring does not magically supply unlimited information. If all stock levels are far below demand, 
almost every record is a tail event with probability close to one under many large rates. The likelihood 
can then be flat across plausible demand levels. Our historical stock range and rate range provide enough 
variation for useful estimation in the executed sample, but that is an experimental condition. Figure 3 
shows normalized likelihood profiles for six items chosen by their rank in true rate, making both the 
estimated location and the relative concentration of evidence visible.

5 Converting the rate into stock

For a Poisson model with a known or estimated rate, the inventory rule chooses the smallest integer 
whose cumulative probability reaches 0.9. The value 0.9 is the shortage-cost share of the total shortage-
plus-overage cost. Discreteness means the achieved cycle-service probability need not equal exactly 
ninety percent. The same rule is applied to all three rate inputs. No extra safety-stock adjustment is 



tuned on the evaluation demands, and no policy receives a different cost ratio to improve its apparent 
performance.

Q*( λ̂ )=min {q∈ ℤ≥0 :F λ̂(q )≥0.9 } (4)

Figure 2. Analytical Poisson mass for one selected item and an illustrative stock level of eight. Ochre bars form 
the tail event recorded when sales equal stock. This diagram explains the likelihood boundary and is not an 

empirical histogram of a selected stock day.

The evaluation draws twenty thousand independent demands per item from its fixed generating rate. 
All policies face the same realized demands. Average cost is shortage units times nine plus excess units 
times one, averaged over every item and evaluation draw. Cycle service is the fraction of periods whose 
demand does not exceed stock. Fill rate is one minus total shortage units divided by total demand units. 
These are related but distinct metrics: a policy can miss some periods while still serving most units.

C (Q ,D )=9(D−Q )++(Q−D )+ (5)

Table 1. Common-demand evaluation over 24 items and 20,000 test demands per item.

Rate input Rate RMSE Mean cost Cycle service Fill rate

Sales mean 3.7571 13.6830 62.66% 86.27%

Censored likelihood 0.2770 5.7428 91.96% 98.20%

Known demand rate 0.0000 5.7136 92.29% 98.27%

Censored likelihood reduces rate RMSE from 3.7571 to 0.2770 and brings cost close to the known-
rate reference. Mean stock is approximately 10.04 under the sales-mean policy, 13.75 under censored 
likelihood, and 13.79 under the known-rate policy. The economic improvement is therefore accompanied 
by a substantial inventory increase. It should not be described as a cost-free accuracy gain. It is the 
expected consequence of recognizing demand hidden by stockouts under the specified shortage-heavy 
objective.

6 Why forecast error and decision value differ

An error in a rate estimate matters only through the order quantity it induces and the demand probabilities 
around that quantity. Two slightly different rates can produce the same integer order and exactly the 
same realized decision cost. Conversely, a small rate change near a quantile boundary can shift stock 
by one unit. This discreteness explains why rate RMSE alone cannot fully characterize economic value. 



We report it to diagnose estimation, then evaluate cost and service directly to assess the resulting 
decision.

Figure 3. Normalized likelihood ridges for six rate-ranked items. Black marks indicate generated rates, red 
crosses the sales mean, and downward markers the censored-likelihood estimate. Each ridge is scaled to its own 

maximum, so ridge height does not compare total evidence across items.

The known-rate reference is optimal for the specified distribution and cost function in expectation, 
but its finite evaluation mean is still a Monte Carlo estimate. A fitted policy could occasionally have a 
lower realized cost on one finite test set without disproving that optimality. Here the censored-likelihood 
mean is slightly higher. We do not attach a significance claim to the small remaining gap or infer that 
more historical days would close it at a particular rate. The large contrast with the sales-mean policy is 
the central practical effect of this construction.

Equal averaging across items also defines a particular business objective. A retailer might weight 
items by revenue, margin, shelf space, or customer importance. Such weights could change which 
estimation errors matter most, even when each item's stock rule remains separable. Our equal-item mean 
is transparent and avoids implying commercial values for generated products. An application study 
should specify the aggregation rule before comparing algorithms. Otherwise, a convenient weighting 
can change a headline result without changing any item's actual performance.

7 Information collection is part of the policy

The  historical  design  varies  stock  independently,  which  helps  distinguish  rates  from  censored 
observations. A real retailer often chooses stock based on past forecasts, making the observation process 
adaptive. Correct likelihood conditioning can still be possible under an appropriate policy model, but 
exploration and coverage become central. A policy that never stocks enough to reveal high demand may 
learn very slowly. The present offline experiment does not simulate that feedback or establish regret for 
an adaptive controller. Its fixed data design is a deliberate boundary.

Stock records must also be reliable. If displayed inventory differs from sellable inventory because of 
shrinkage, delayed replenishment, or recording errors, the censoring threshold in the likelihood is wrong. 
If customers substitute across items, demand is not independent of other stock decisions. If promotions 
change demand over time, a fixed Poisson rate may be inappropriate. Each issue changes the observation 
or demand model. A flexible learner cannot correct these assumptions merely by fitting a larger function 
to the same sales labels.



Figure 4. Stock-quantity staircase after sorting items by generated demand rate. All policies use the same 0.9 
Poisson quantile rule. The ordering uses evaluator knowledge for presentation and is not supplied to either 

fitted estimator.

The likelihood method uses no contextual covariates, so it is a statistical learning baseline rather than 
a deep demand forecaster. Adding prices, calendar variables, and product attributes could improve 
prediction, but the censoring mechanism would still need to be represented. A neural predictor trained 
with a censored likelihood would be a natural extension; a network trained to reproduce raw sales would 
retain the same target problem. The essential distinction is the event being modeled, not the branding 
of the function approximator.

8 The operational reading

The result supports a specific data requirement: preserve both sales and the stock threshold that limits 
them. A stockout flag contains useful information even when lost units are not observed. Within-day 
stockout timing could add more information, but it is absent here. Collecting such records may be more 
valuable than adding a sophisticated predictor to an incomplete sales table. That statement is conditional 
on a correctly specified demand model and usable stock variation, rather than a universal return-on-
investment claim.

The four visuals trace the business chain without inventing a retail case study. Unit flow shows what 
the historical system hides. The Poisson tail explains how a censored record enters estimation. Likelihood 
ridges show uncertainty and bias at the item level. The staircase reveals how estimates become integer 
stock decisions. Tables then report costs and service under common demands. This sequence avoids 
treating an abstract forecast score as if it were already a measured business outcome.

9 The observation rule inside the economic model

9.1 A sale can be a value or a set
An uncensored record identifies one demand value, while a stock-equal sale identifies a set of possible 
values. This distinction is the foundation of the likelihood. The data do not become unusable when a 
stockout  occurs;  they become less  specific.  Treating the  set  as  its  smallest  member discards  the 
information that larger demands remain possible and replaces uncertainty with a downward point 
assumption. The censored likelihood preserves that uncertainty through a tail probability. It estimates a 
rate without pretending to reconstruct the exact lost units on each historical day.

The discrete boundary is important. If stock is eight and sales are eight, demand could be eight, nine, 
or more. The event therefore includes equality. A likelihood using demand strictly greater than eight 



would incorrectly exclude one possible latent outcome. This error can matter when the probability mass 
near stock is substantial. Our implementation evaluates one minus the cumulative probability through 
stock minus one. The formula and the Poisson-tail figure state this convention explicitly so that a 
reproduction does not silently fit a different observation model.

The censoring flag is derived from sales and stock rather than supplied as an independent oracle. 
That is appropriate for the generated rule because every unit of stock is sellable and recorded correctly. In 
a real system, sales equal to nominal stock might reflect a recording artifact, while sales below nominal 
stock could still  involve unavailable shelf  inventory.  Such discrepancies would change the event 
represented by the record. A correct likelihood is only as credible as the observation process it models, 
which is why stock-data quality belongs in the method rather than in a generic limitations sentence.

9.2 The naive target has an exact bias identity
The sales mean estimates expected observed sales. Its downward difference from mean demand equals 
expected lost units under the historical stock process. This identity holds more generally than the Poisson 
family because it follows from the minimum operation. It explains why adding historical days can make 
the naive estimator more confidently wrong for demand. The estimator is consistent for a different 
target, not necessarily poorly optimized. The decision problem requires a demand distribution, so using 
the observed-sales target without correction creates a structural mismatch.

Historical stock variation changes that target. A retailer with higher past stock may have a sales mean 
closer to mean demand even if underlying demand is identical. Comparing sales across retailers or 
periods without accounting for stock can therefore confuse supply exposure with customer demand. 
Our generated stock levels are independent and known, which makes the correction especially clean. 
The result should not be interpreted as evidence that every sales forecast is biased in the same way; the 
issue arises when a demand quantity is inferred from constrained sales without modeling the constraint.

The bias identity also distinguishes record censoring from unit loss. Many lightly censored days can 
yield a high censoring frequency but modest lost units, while a few severe stockouts can hide many 
units. Neither quantity alone determines the rate-estimation problem. The thresholds and their variation 
matter because they shape the likelihood. Figure 1 reports conserved unit totals, while the main text 
reports censored item-day frequency. Keeping both prevents a single percentage from carrying several 
incompatible interpretations of information loss and business impact.

9.3 What variation in stock reveals
Each stock threshold provides information about a demand tail. If thresholds vary, the collection of 
stockout events samples different points of that tail. Under a one-parameter Poisson family, these events 
can jointly identify the rate even though many individual demands remain hidden. This is a strong 
benefit of a correctly specified parametric model. It should not be confused with recovering an arbitrary 
demand distribution from a finite set of low thresholds. The latter problem may leave high-demand 
behavior unidentified without additional assumptions or exploration.

Suppose every historical day stocks far below the true mean. Nearly all records then indicate a tail 
event whose probability is close to one over a broad range of large rates. The likelihood can become 
weakly informative and the maximum may depend on a grid boundary. Our rate grid extends above all 
generated true rates, and the varied thresholds provide informative uncensored observations for many 
items. A reproduction should still inspect whether a fitted maximum hits a boundary. A boundary 
estimate can be a diagnostic of insufficient information or an inadequate search range, not merely a 
number to report.

At the opposite extreme, if stock almost always exceeds demand, censoring is rare and the censored 
likelihood approaches ordinary Poisson fitting. In that setting the naive mean and likelihood estimate 
should be much closer. The current experiment intentionally contains substantial censoring so that the 



mechanism is visible. It does not claim that the likelihood always produces a large practical improvement. 
The expected benefit depends on how much demand the historical policy hides and on whether the 
recorded thresholds help distinguish plausible rates.

9.4 Likelihood concentration is conditional on the model
The normalized ridges in Figure 3 show which rates fit each selected item's observed events. A narrow 
ridge indicates concentrated support within the Poisson family and the fixed stock design. It is not a 
guarantee that the Poisson family is correct. Overdispersion, zero inflation, promotions, or changing 
demand can produce a narrow but misspecified fit. A practical analysis should examine predictive 
checks and alternative distributions rather than treating likelihood curvature as a universal measure of 
confidence in the real demand process.

The ridges are normalized separately to maximum height one. Their heights therefore cannot compare 
total evidence across items. Their widths and locations remain visually informative, but a formal interval 
would require a stated construction and appropriate asymptotic or finite-sample justification. We do not 
label the ridges as posterior densities because no prior is used. They are relative likelihood profiles. This 
distinction keeps the plot from implying Bayesian uncertainty or calibrated coverage that the experiment 
has not evaluated.

Grid maximization introduces another finite resolution. The rate estimate can only take values 
separated by 0.05. This is small relative to the large naive bias in the executed sample, but can matter 
when comparing a fitted rate with the exact generating value at several decimals. The order rule is 
discrete as well, so a small grid error may have no decision consequence until it crosses a quantile 
boundary. The paper reports rate RMSE and economic cost precisely because these two approximation 
layers should not be collapsed into one score.

9.5 Deriving the critical fractile
The newsvendor condition can be understood by comparing the expected cost of stock q with stock q 
plus one. The extra unit incurs overage cost when demand is at most q and avoids shortage cost when 
demand is at least q plus one. The expected difference is overage cost times the cumulative probability 
through q minus shortage cost times its complement. The first q where this difference is nonnegative is 
an optimal integer stock. With costs one and nine, that condition produces the cumulative-probability 
threshold of 0.9 used throughout the experiment.

E [C (q+1 , D )−C (q ,D )]=F (q )−9 [1−F (q )] (6)

This derivation clarifies why ninety-percent cycle service is not guaranteed exactly. A discrete 
cumulative distribution can jump past the threshold, and several adjacent quantities can sometimes share 
the same expected cost at a boundary. We choose the smallest integer reaching the threshold, which 
fixes a reproducible tie convention. The known-rate policy's realized service above ninety percent is 
therefore compatible with the optimality condition. It should not be described as exceeding a promised 
service target through an additional algorithmic improvement.

Changing the cost ratio changes the required quantile and can change which estimation errors matter 
most.  A  shortage-heavy  objective  places  greater  value  on  upper-tail  demand  information,  which 
censoring can hide. A symmetric or overage-heavy objective could reduce the cost gap for the same 
rate estimates. The current experiment fixes costs before evaluation and does not claim robustness 
across business preferences. A decision-focused study should report a sensitivity analysis if it intends 
to recommend a policy under uncertain cost parameters.

9.6 The same demand draws support a paired decision comparison
All policies face the same evaluation demand matrix. This makes their realized cost difference a paired 
quantity: a high-demand draw affects each policy under the same item and period. Independent test 



demands for each policy would add unnecessary Monte Carlo variation and could obscure a small 
difference near the known-rate reference. The common-demand design does not make fitted policies 
identical or eliminate sampling uncertainty, but it provides a cleaner estimate of the consequence of 
their different stock choices under the declared generator.

The mean is averaged equally over items and draws. Because every item has the same number of 
evaluation demands, this is also an equal-item average of per-item means. It is not a revenue-weighted 
or unit-weighted cost. The fill-rate calculation, in contrast, uses total shortage units divided by total 
demand  units  and  therefore  weights  high-demand  items  more  heavily  in  its  denominator.  These 
aggregation choices are  explicit  because apparently similar  service statistics  can answer different 
questions. An applied retailer should select them according to its decision priorities before comparing 
models.

The known-rate reference is not a clairvoyant policy that sees each future demand before stocking. 
It knows the distribution parameter but still chooses one stock quantity before demand is realized. This 
distinction matters when interpreting its nonzero cost and occasional stockouts.  Even perfect rate 
knowledge cannot remove all uncertainty under a stochastic demand distribution. Calling the reference 
an oracle is convenient only if the privilege is named precisely: it is a parameter oracle, not a future-
demand oracle.

9.7 Near-reference cost does not establish perfect estimation
The censored-likelihood policy has a small mean cost gap to the known-rate reference in this sample, 
but its estimated rates still have nonzero RMSE. Many estimation errors do not change the chosen 
integer stock, while others change it by one unit with a modest expected cost effect. Decision quality 
can therefore be close to optimal even when parameter recovery is imperfect. This is one reason to 
evaluate the decision directly rather than requiring a forecast metric to stand in for economic performance.

The reverse can also occur. A model with lower average rate error might make an important error 
near a critical quantile for a high-cost item. Under a different cost structure or demand family, it could 
then have worse decision value. Our experiment avoids comparing several flexible forecasting models, 
so it does not establish a general ranking by decision loss. It illustrates the more basic point that modeling 
censoring changes the estimated distribution in a way that matters under one specified objective.

A small realized gap should not be overinterpreted statistically. The evaluation set is large, but all 
results remain conditional on one generated collection of twenty-four rates and one historical sample 
per item. New items or another history would change fitted rates and orders. A broader uncertainty 
study would repeat the complete historical-generation and fitting process over many item collections. 
The current experiment provides a transparent case, while its exact likelihood and cost definitions make 
such an extension straightforward to specify without inventing its results.

9.8 Adaptive inventory would change the evidence process
The historical stock levels in this paper are exogenous. In an adaptive system, a low forecast can cause 
low stock, which hides demand and reinforces the forecast. That feedback is a natural concern, but it is 
not simulated by the fixed historical design. The paper's results show the estimation and one-period 
decision consequences of censoring under known thresholds. They do not measure how quickly a 
sequential policy learns, how much exploration costs, or whether it recovers from an initially pessimistic 
forecast.

An adaptive policy might deliberately raise stock on selected days to learn the upper tail. Such 
exploration can create short-term overage cost while improving later decisions. Its value depends on 
horizon length, demand stability, and the information provided by each threshold. A likelihood fit alone 
does not choose an exploration policy. The 2026 censored-data literature motivates these questions, but 



the current parametric case should not borrow a regret guarantee or exploration result from a different 
model. Any dynamic extension would need a new protocol and a clearly stated benchmark.

Lead times and carryover would further change the state of the decision problem. Inventory would 
become a dynamic variable rather than an independent one-period quantity, and lost sales could affect 
future customer behavior. A model that performs well under our separable rule might not remain 
adequate. This is why the title refers to the cost of an inventory forecast rather than claiming a complete 
inventory-control  system. The narrow setting allows a  clean information argument  while  leaving 
operational complexity to subsequent work.

9.9 Recording policy is a learning choice
Preserving a stock threshold can be more informative than preserving sales alone. A stockout flag tells 
the estimator that demand lies in a tail, while a sale count without threshold context can be interpreted 
incorrectly as an exact outcome. Within-day timing could add still more information about how quickly 
stock was exhausted. These observations suggest that data engineering and transaction recording can 
improve a learning system before its function approximator changes. The experiment quantifies one 
favorable instance, not a universal financial return from a recording upgrade.

Data quality checks should ensure that stock refers to available sellable units over the same period 
as sales. Returns, replenishments, reservations, and substitutions can complicate that definition. If the 
threshold changes within a day, one daily quantity may not describe the censoring event correctly. The 
current generator deliberately avoids those complications. A real implementation should model the 
event represented by its records rather than importing a simple minimum formula because it is convenient. 
Otherwise, a sophisticated likelihood can precisely estimate the wrong observation process.

The unit-flow graphic helps communicate this issue without pretending that lost units are observed 
in practice. The evaluator's generated demand total splits into sales and losses, but only one branch 
reaches the fitted estimators. Displaying both is legitimate because the data are synthetic and labeled as 
such. In a real retailer, the lost branch would need an estimate or an external measurement and should 
not be drawn with exact counts unless supported. Visual fidelity to the evidence is part of the statistical 
argument.

9.10 Repeating the calculation and interpreting its boundary
A reproduction must retain the stock range, demand-rate range, number of historical days, and equality 
convention for censoring. It should evaluate Poisson masses and tails stably, especially when candidate 
rates make an event unlikely. The grid includes all generated true rates within its interior, and the same 
estimated rates feed the same quantile routine. These details connect likelihood fitting to the economic 
result. Changing one without updating the description would create a different experiment even if the 
overall qualitative lesson remained similar.

The figures have distinct evidential roles. The tail diagram explains a single record, likelihood ridges 
show parameter support for selected items, and the stock staircase reveals the discrete decision mapping. 
The cost table then aggregates common-demand outcomes. No one plot is expected to prove the entire 
pipeline. This separation makes it possible to identify whether a disagreement arises from observation 
modeling, parameter estimation, decision conversion, or evaluation aggregation, rather than treating the 
final cost as an unexplained property of an algorithm.

The practical boundary is therefore precise. Censored likelihood helps when stock and sales are 
correctly recorded, the demand family is adequate, historical thresholds provide information, and the 
future decision resembles the modeled one-period task. Violating any of these conditions can reduce its 
value. Stating them does not weaken the large executed contrast with sales-as-demand; it explains why 
the contrast occurs and what must be checked before applying the method to a new setting. That 
explanation is the transferable contribution of the study.



9.11 Service metrics imply different customer experiences
Cycle service counts a period as successful only when every demanded unit is supplied. Fill rate counts 
the fraction of units supplied across periods. A high-demand period with a small shortage can count as 
a cycle-service failure while contributing little to lost-unit share. Conversely, repeated small-demand 
stockouts can create many failed periods. The two metrics therefore describe different aspects of service. 
Our table reports both so that the inventory increase under censored likelihood can be interpreted beyond 
its average cost.

The shortage-heavy cost ratio encourages high fill  rate,  but it  does not impose a hard service 
constraint. A different optimization problem could minimize stock subject to a required cycle-service 
probability or a per-item guarantee. That would change the decision rule and possibly the relative value 
of estimation errors. The current ninety-percent fractile is derived from costs, not from a contract. A 
practical recommendation should avoid translating it into a service-level promise without checking the 
relevant business definition and uncertainty in the demand model.

Average service can also hide item heterogeneity. Some items may be well estimated because their 
historical stock often exceeds demand, while high-rate items remain heavily censored. The selected 
likelihood ridges and sorted order staircase expose part of that variation, but the headline table is still 
an aggregate. A deployment study should preserve item-level outcomes and identify which items drive 
cost or shortage. The generated collection has no product categories or commercial priority labels, so 
we do not invent such a segmentation.

9.12 A rate family is a useful simplification with a cost
The Poisson family ties its variance to its mean. That makes one rate sufficient for the full demand 
distribution and allows a clean quantile rule. Real demand can be more variable, clustered, seasonal, or 
affected by promotions. Under overdispersion, a rate estimate close to the true mean may still produce 
an inadequate upper quantile. The experiment therefore establishes the value of modeling censoring 
within a correctly specified family, not the adequacy of Poisson demand for every retail application.

A richer family could use separate dispersion parameters or contextual covariates, but censored data 
may identify those less strongly than a single rate. More flexibility can improve realism while increasing 
the information needed from historical thresholds. A nonparametric approach would face its  own 
coverage limitations above the largest informative stock levels. These tradeoffs explain why modeling 
the observation process is necessary but not sufficient. It must be paired with a demand model whose 
tail is credible for the decision being made.

Model checking should therefore examine the distribution of observed sales conditional on stock, 
not compare an uncensored demand histogram that is unavailable to the estimator. In our generator, 
latent demands are known only for evaluation and illustration. A real analyst could compare predicted 
stockout frequencies and uncensored sales masses with held-out records, while recognizing that some 
tail behavior remains weakly observed. The current study does not execute a misspecification test, but 
its likelihood formulation identifies the events such a check should target.

9.13 Information and inventory form one pipeline
The economic result follows a chain: historical stock determines which demand events are observed, 
the likelihood maps those events into a rate, and the rate maps into an integer stock under fixed costs. 
Changing a neural architecture at the middle of that chain would not remove the need to define the two 
ends. The transparent baseline makes this dependence visible. It also shows why better transaction 
recording can matter even when the final predictor is simple.

This is the appropriate scope of the recommendation. Preserve threshold information, distinguish 
exact and censored observations, and evaluate the resulting decisions under the intended objective. Then 
test family misspecification, adaptive collection, and operational constraints. The executed study gives a 



large and reproducible example of the first three steps. It leaves the later steps open rather than using 
near-reference synthetic cost to imply a ready retail-control system.

10 Conclusion

In the generated stationary Poisson setting, treating sales as demand yields a persistent downward rate 
bias and costly understocking. A likelihood that recognizes stock-equal sales as a tail event recovers 
much  of  the  hidden  demand  information  and  produces  near-reference  one-period  decisions.  The 
experiment's lesson is to model the observation process before increasing forecast complexity. Dynamic 
inventory, unknown demand families, contextual effects, stock-record errors, and adaptive exploration 
remain separate problems that require additional evidence.
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