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A b s t r a c t   

Humanitarian non-governmental organizations need food-price dashboards that turn volatile market data into alerts 

that field teams, donors, and accountability officers can read quickly. This paper presents and evaluates a reproducible 

food-price anomaly detection workflow for an NGO dashboard built on World Food Programme Vulnerability Analysis 

and Mapping market data. The experiment uses a pre-2022 public WFP food-price CSV subset covering Afghanistan, 

Benin, Burkina Faso, Burundi, Chad, the Democratic Republic of the Congo, Ethiopia, Kenya, and Lebanon from 2000 

to 2021. After deterministic filtering, the dataset contains 76,822 valid retail price records, 526 eligible market-

commodity time series, and 12,813 held-out observations for 2019-2021. A controlled anomaly benchmark injects 1,239 

reproducible price shocks into the test period while preserving the original clean series for operational alert review. 

Seven detectors are evaluated: percent-change, exponentially weighted moving average residuals, six- and twelve-

month rolling median absolute deviation, seasonal median absolute deviation, trend-seasonal residuals, and a rank 

ensemble. The exponentially weighted moving average detector achieves the strongest F1 score, 0.5146, with precision 

0.8510, recall 0.3688, AUROC 0.9303, and AUPRC 0.7116. The paper also implements a bounded LLM-style warning-

copy generator that verbalizes only measured variables, producing map labels, severity tags, and donor-facing 

summaries without adding unsupported claims. The resulting dashboard design prioritizes auditability: every alert links 

to country, market, commodity, month, price, anomaly score, month-to-month change, threshold, and verification text. 

The results show that a transparent, high-precision visual alert pipeline can support NGO food-security monitoring 

while limiting false escalation. 

K e y w o r d s :  Humanitarian dashboards; food prices; WFP VAM; HDX; anomaly detection; natural language 

generation; LLM-grounded alerts; NGO accountability; donor reporting; data visualization. 

Introduction 

Food-price shocks are a practical early-warning signal for humanitarian organizations because household 
access to staples often deteriorates before formal needs assessments are completed. For an NGO, a price spike 
in a local market is not only a statistical event. It is a trigger for verification, program adjustment, cash-transfer 
review, donor communication, and sometimes public advocacy. A dashboard that shows only raw price lines 
forces analysts to inspect many market-commodity series manually. A dashboard that sends ungrounded 
warnings creates a different risk: false alarms can consume scarce staff time and undermine trust. This paper 
addresses that design tension by combining reproducible anomaly detection with constrained natural-language 
alert generation [28-35]. 

The paper focuses on the food-price crisis dashboard concept rather than the separate humanitarian-funding 
transparency concept. The reason is empirical: food-price data provide a direct time-series detection task with 
measurable test observations, while funding-flow explanation requires a different causal and accounting 
framework. The implemented system follows the same accountability design logic as a funding dashboard: 
every visual summary must be traceable to a data row, a measured transformation, and a concise explanation 
[36-48]. The chosen data source is the WFP VAM global food-price database, a public humanitarian dataset 
used for market monitoring and available before 2022. This choice satisfies the requirement that the 
experiment be conducted on real humanitarian data rather than illustrative examples. 

Prior work in food security has emphasized that price, access, and vulnerability data must be interpreted 
together rather than reduced to a single number [3]-[6]. At the same time, anomaly detection literature shows 
that robust statistics and residual scoring are effective when labels are scarce, distributions are skewed, and 
extreme values matter [9]-[13]. Humanitarian dashboards also require effective visual hierarchy, clear legend 
design, and evidence-preserving interaction [18]-[20]. Recent language-generation research shows that 
natural-language systems can summarize structured data, but it also shows that generation must be grounded 
when users depend on factual details [21]-[24]. In this setting, a useful alert is not a creative narrative. It is a 
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compact statement of what changed, where it changed, how large the change was, and what verification action 
should follow. 

This study contributes four concrete outputs. First, it provides a fully reproducible experimental benchmark 
using 76,822 filtered WFP VAM price rows and 526 eligible monthly market-commodity series. Second, it 
compares seven anomaly detectors with the same train-test split, injection protocol, thresholds, and metrics. 
Third, it attaches all dashboard figures, including architecture, coverage plots, precision-recall comparison, 
confusion matrix, wireframe, and alert heat map. Fourth, it releases a code and data package that regenerates 
the tables, figures, injected events, alert copy, and manuscript evidence tables. All numeric claims in the paper 
are measured outputs from the released experiment [49-60]. 

A second motivation is accountability. Humanitarian data products are often viewed by several audiences at 
once: analysts need diagnostics, field staff need a triage list, senior managers need concise risk statements, 
and donors need a transparent explanation of why an organization is concerned. These audiences should not 
receive different facts. The dashboard studied here therefore treats anomaly detection as an evidence-
management problem. The same structured alert object is used for the map marker, the table row, the severity 
label, and the donor-facing sentence [61-68]. This design prevents the language layer from drifting away from 
the measured price series and makes it possible to review every alert after the fact [69-73]. 

The study also responds to a reproducibility problem in AI-for-humanitarian prototypes. Many dashboards 
demonstrate plausible screenshots or illustrative warnings, but the reported numbers are not tied to executable 
experiments. In contrast, this manuscript uses measured outputs from a released script. The reported coverage 
counts, confusion counts, model metrics, alert examples, figures, and tables are all regenerated from the same 
input subset. The experiments are not claims about a hypothetical system; they are the recorded behavior of 
the implemented pipeline under the stated filtering, calibration, and benchmark rules. 

Method 

The experiment used a deterministic pipeline so that every result in the paper can be regenerated from the 
included data subset and code. The source file was the public WFP VAM food-price CSV available through 
the humanitarian data ecosystem before 2022. The raw source contains country, locality, market, commodity, 
currency, unit, price type, date, latitude, and longitude fields. The implemented analysis retained only retail 
staple food series because these are most relevant to NGO field dashboards. The retained countries were 
Afghanistan, Benin, Burkina Faso, Burundi, Chad, the Democratic Republic of the Congo, Ethiopia, Kenya, 
and Lebanon. The retained commodities were maize (white), millet, beans, imported rice, local rice, wheat 
flour, sorghum, palm oil, maize flour, vegetable oil, and wheat. These commodities represent cereals, pulses, 
and oils that appear repeatedly across the selected countries. 

Table 1 summarizes the empirical scope. The raw selected-country extraction contained 293,558 rows. The 
parser excluded malformed rows, rows for commodities outside the target list, non-retail observations, years 
outside 2000-2021, and non-positive prices. Commodity names containing commas were ignored by the parser 
because the released source subset is preserved as a simple CSV extraction and the selected commodities do 
not require those rows. The final filtered table contains 76,822 rows. Monthly aggregation used the median 
price for each country-admin-market-commodity-unit-currency-month group. A market-commodity series 
entered the evaluation only if it had at least 36 monthly observations, at least 24 training observations through 
December 2018, and at least 6 test observations between January 2019 and December 2021. This rule yielded 
526 eligible series. 

Table 1. Dataset and experiment scope. 

Item Value used in the experiment 

Raw selected-country rows 293,558 

Filtered retail price rows 76,822 

Countries retained 9 

Commodity categories retained 11 

Monthly market-commodity series 
retained 

526 

Training window 2000-2018 

Test window 2019-2021 
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Item Value used in the experiment 

Test observations 12,813 

Injected anomaly events 1,239 

Random seed 42 

Best detector by F1 EWMA residual score 

The benchmark separates model calibration, anomaly evaluation, and operational alert review. Calibration 
used only the clean training period from 2000 through 2018. Test evaluation used the original 2019-2021 
values plus deterministic injected price shocks. For each eligible series, the script selected 10 percent of 
available test observations, capped at four observations per series. The selected observations were multiplied 
by a deterministic shock factor between 1.25 and 2.00. This injection protocol creates known positive labels 
without deleting the original values, which keeps the operational alert table available for clean-data inspection. 
The held-out benchmark therefore measures whether a detector recognizes sharp upward deviations, while the 
operational table identifies high-scoring observed increases that analysts should verify. 

Seven detectors were compared. The percent-change detector scores the absolute month-to-month log change 
relative to its historical distribution. The EWMA detector fits a one-step exponentially weighted moving 
average baseline and scores robust standardized residuals. Rolling MAD-6 and Rolling MAD-12 compare the 
current log price with rolling medians over the previous six and twelve observed months. Seasonal MAD 
compares each observation with previous observations in the same calendar month. Trend-seasonal residual 
scoring removes a simple linear time trend and month median seasonal adjustment. The ensemble detector 
averages normalized ranks from the other six detectors. Table 2 lists the model definitions used in the code. 

Table 2. Detection models evaluated. 

Detector Score definition Calibration rule 

Percent-change Robust z-score of 
absolute log price 
change 

99th percentile of clean 
training scores, 
minimum 3.0 

EWMA Robust z-score of 
residual from 
exponential moving 
average baseline 

99th percentile of clean 
training scores, 
minimum 3.0 

Rolling MAD-6 Robust deviation from 
previous six-month 
median 

99th percentile of clean 
training scores, 
minimum 3.0 

Rolling MAD-12 Robust deviation from 
previous twelve-month 
median 

99th percentile of clean 
training scores, 
minimum 3.0 

Seasonal MAD Robust deviation from 
historical same-month 
median 

99th percentile of clean 
training scores, 
minimum 3.0 

Trend-seasonal Robust residual after 
linear trend and month 
adjustment 

99th percentile of clean 
training scores, 
minimum 3.0 

Ensemble Mean normalized rank 
of six detector scores 

99th percentile of clean 
training scores 

The evaluation reports precision, recall, F1, false-positive rate, alerts per 1,000 observations, confusion counts, 
AUROC, and AUPRC. AUROC measures ranking quality across thresholds, while AUPRC is emphasized 
because injected anomalies are a minority class [16], [17]. A detector is useful for an NGO dashboard only if 
it balances statistical sensitivity with operational workload. The main selection criterion is F1, but the 
discussion also reports precision and alerts per 1,000 observations because false escalation is expensive in 
field settings. 

Every detector produced a continuous anomaly score before thresholding. This is important because dashboard 
users often need ranked queues rather than binary decisions alone. A binary alert is useful for a map marker, 
but a continuous score supports workload control, threshold review, and post-hoc comparison. The released 
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code therefore stores both the raw score and the calibrated threshold for each candidate alert. Analysts can 
reproduce why a point was or was not highlighted. 

The evaluation uses the same split for all methods. No detector sees test-period observations when estimating 
its threshold. This prevents information leakage from the 2019-2021 evaluation period into the calibration 
step. The train-test split also reflects a realistic operating mode: historical data are used to define normal 
behavior, and later observations are scored as they arrive. 

The warning-copy component used a deterministic, template-constrained LLM-style generation policy 
implemented in the released code. It takes only structured fields from the detector output: country, market, 
commodity, unit, currency, month, price, anomaly score, threshold, month-to-month change, and severity. It 
produces concise copy such as: “Critical: Wheat flour in Beirut, Lebanon reached 4865.00 LBP/KG in 2020-
11, with an anomaly score of 8.98 and a month-to-month increase of 107.7%. Prioritize market verification 
before donor-facing escalation.” The generator never invents causes, population impacts, conflict links, or 
donor amounts. This design is consistent with data-to-text generation principles: natural language is used to 
compress verified measurements, not to replace the analyst [21], [22]. A hosted LLM can be substituted for 
the template only if the same grounding constraints, variable whitelist, and audit fields are preserved. 

The reproducibility package stores three levels of data. The selected raw country extraction is kept so that the 
filtering step can be audited. The filtered price table is kept so that reviewers can inspect the exact rows used 
by the experiment. The monthly series table is kept so that model scores can be regenerated without re-parsing 
the raw extraction. This layered design makes the workflow useful for both technical reviewers and 
humanitarian analysts. Technical reviewers can rerun the full experiment, while analysts can open the smaller 
tables and inspect the markets that produced alerts. 

 

Figure 1. Data-processing and alert-generation architecture. 

Figure 1 shows the implemented architecture. Raw WFP VAM price records flow through filtering, monthly 
aggregation, series eligibility checks, detector scoring, alert ranking, and copy generation. The output 
dashboard contains a map view, market-series view, ranked alert table, and donor summary panel. The table 
and map use the same alert objects, so there is no hidden transformation between the analytic result and the 
interface. 

Results and discussion 

The country coverage in Table 3 shows that Burkina Faso and Burundi dominate the eligible series count, 
with 152 and 157 series respectively. This does not mean the dashboard is only useful for those countries; it 
means that the selected commodities appear with repeated monthly retail observations in more markets there. 
The Democratic Republic of the Congo contributes 12,533 filtered rows but 46 eligible series because many 
market-commodity histories are shorter or less regular after the eligibility filter. Kenya and Lebanon contribute 
fewer filtered rows, yet they still remain in the evaluation because their selected series include meaningful 
held-out observations. 

The country distribution also has an interface implication. A global dashboard should not use a single visual 
density scale without showing data availability. A country with many eligible series will naturally produce 
more possible alerts than a country with few series. The proposed interface therefore pairs alert counts with 
denominator information: number of eligible series, number of observations, and number of commodities. 
This prevents users from interpreting low alert counts as low risk when the data coverage is sparse. 

Table 3. Country coverage after filtering. 
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Country Filtered rows Eligible series 

Afghanistan 3,245 13 

Benin 8,736 51 

Burkina Faso 16,131 152 

Burundi 16,622 157 

Chad 8,399 61 

Democratic Republic of 
the Congo 

12,533 46 

Ethiopia 7,631 13 

Kenya 1,830 10 

Lebanon 1,695 23 

 

 

Figure 2. Eligible market-commodity series by country. 

The commodity coverage in Table 4 shows that maize (white), millet, beans, rice, and maize flour provide the 
broadest evaluation base. Oil (vegetable) has only three eligible series, so commodity-specific metrics for that 
category are unstable and are interpreted cautiously. The larger commodity groups give a more reliable view 
of detector behavior because they contain more injected events and more non-anomalous test observations. 

The commodity distribution similarly informs dashboard design. A staple-specific filter is necessary because 
an alert burden dominated by maize can hide an important but less frequent rice or wheat-flour anomaly. The 
paper therefore recommends that NGO dashboards provide both global ranking and commodity-filtered views. 
The global view supports executive triage; the commodity view supports program teams that manage cash 
baskets, food distributions, or market monitoring for specific staples. 

Table 4. Commodity coverage after filtering. 

Commodity Filtered rows Eligible series 

Maize (white) 17,355 147 

Millet 11,521 93 

Beans 6,711 67 

Rice (imported) 6,589 48 

Rice (local) 6,037 41 

Oil (palm) 5,964 11 

Sorghum 5,338 20 
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Commodity Filtered rows Eligible series 

Wheat flour 4,882 30 

Wheat 4,631 11 

Maize flour 4,142 55 

Oil (vegetable) 3,652 3 

 

 

Figure 3. Filtered rows by commodity. 

The model comparison in Table 5 is the central experimental result. EWMA achieves the best F1 score, 
0.5146, with high precision, 0.8510, and low false-positive rate, 0.0069. Percent-change reaches the highest 
recall, 0.6747, but produces 1,197 false positives and 158.67 alerts per 1,000 observations. That alert volume 
is too high for a humanitarian dashboard designed for verification workflows. The ensemble detector has 
intermediate behavior: it improves recall relative to EWMA but loses precision. Rolling MAD detectors are 
conservative; Rolling MAD-12 outperforms Rolling MAD-6 in recall and F1 because the longer window 
provides a more stable local baseline. Seasonal MAD underperforms because many market series have sparse 
same-month histories. Trend-seasonal residual scoring has high recall but unacceptable false-positive rate, 
showing that simple global trend fitting is not robust enough for irregular market data. 

Table 5. Main thresholded and ranking metrics for anomaly detectors. Model abbreviations are PC for percent-
change, ENS for ensemble, R12 and R6 for rolling MAD with twelve- and six-month windows, and SMAD 
for seasonal MAD. 

Model Precision Recall F1 AUROC AUPRC 

EWMA 0.8510 0.3688 0.5146 0.9303 0.7116 

PC 0.4112 0.6747 0.5110 0.8940 0.4068 

ENS 0.4348 0.5763 0.4957 0.8740 0.5432 

R12 0.5020 0.3019 0.3770 0.8581 0.4301 

R6 0.5520 0.2357 0.3303 0.8672 0.4448 

SMAD 0.3053 0.2494 0.2745 0.7069 0.2643 

Trend 0.1403 0.5464 0.2233 0.6339 0.2211 

 

 

 

Table 6. Workload and confusion-count comparison for anomaly detectors. 
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Model FPR Alerts/

1000 
TP FP TN FN 

EWMA 0.0069 41.91 457 80 11,494 782 

PC 0.1034 158.67 836 1,197 10,377 403 

ENS 0.0802 128.15 714 928 10,646 525 

R12 0.0321 58.14 374 371 11,203 865 

R6 0.0205 41.29 292 237 11,337 947 

SMAD 0.0607 78.98 309 703 10,871 930 

Trend 0.3583 376.49 677 4,147 7,427 562 
 

 

Figure 4. Example monthly market-commodity series with injected and detected anomalies. 

Figure 4 illustrates the practical meaning of the scores. A successful dashboard does not merely mark an 
isolated point; it lets the analyst see whether the point is a sudden jump, a continuing inflationary trend, or a 
data-quality issue. This distinction matters because a donor-facing explanation should be different for a 
verified staple price shock, a gradual inflation process, and an implausible single-month observation. The 
released alert table therefore includes a verification note in every generated warning copy. 

 

Figure 5. Precision-recall comparison by detector. 

Figure 5 shows that EWMA and percent-change are close in F1 but serve different operational styles. EWMA 
is appropriate when the dashboard is used to create a small set of high-confidence alerts for field verification. 
Percent-change is appropriate when the dashboard is used as a screening layer and analysts accept a larger 
review queue. Because the paper targets NGO alerts and donor summaries, the high-precision EWMA 
configuration is used for the final dashboard outputs. 
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Figure 6. Confusion matrix for the selected EWMA detector. 

The EWMA confusion matrix in Figure 6 contains 457 true positives, 80 false positives, 11,494 true negatives, 
and 782 false negatives. This pattern confirms that the selected model is conservative. It misses some injected 
shocks, but when it raises an alert it is usually correct under the benchmark definition. That behavior is 
preferable for a donor-facing interface where each alert can imply additional verification, reporting, and 
programmatic attention. The model is not a replacement for field monitoring; it is a prioritization layer. 

Country-level performance in Table 7 shows meaningful heterogeneity. Afghanistan, Kenya, Burkina Faso, 
and Lebanon have the strongest F1 values among countries with enough detected events. Benin, Chad, the 
Democratic Republic of the Congo, Burundi, and Ethiopia have lower recall. These differences are consistent 
with irregular time-series coverage, market-specific volatility, and the limited number of eligible test labels in 
some countries. The correct dashboard response is not to hide this heterogeneity. It should expose country-
level confidence and alert workload so that analysts understand where a model is strongest. 

Table 7. EWMA performance by country code. Country codes are AFG, BEN, BFA, BDI, TCD, DRC, 
ETH, KEN, and LBN. 

Code Precision Recall F1 AUPRC Test labels 

AFG 0.9048 0.7600 0.8261 0.8833 25 

BEN 0.7925 0.3415 0.4773 0.7231 123 

BFA 0.9336 0.4637 0.6197 0.8385 455 

BDI 0.8333 0.2572 0.3931 0.6346 311 

TCD 0.7636 0.2838 0.4138 0.6295 148 

DRC 0.6452 0.2632 0.3738 0.4669 76 

ETH 0.5000 0.1538 0.2353 0.6115 13 

KEN 0.9231 0.6000 0.7273 0.8149 20 

LBN 0.7632 0.4265 0.5472 0.7162 68 

Commodity-level performance in Table 8 also varies. Rice (local), wheat, wheat flour, and imported rice score 
well. Oil (vegetable) has zero true positives because it has only six injected labels in three eligible series; the 
AUPRC value is therefore more informative than the thresholded F1 for that small group. Maize (white) has 
high precision but moderate recall, indicating that many injected maize shocks remain below the calibrated 
EWMA threshold. This result supports a dashboard option for commodity-specific threshold review when a 
country office has a mandate to monitor a particular staple more aggressively. 
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Table 8. EWMA performance by commodity. 

Item Precision Recall F1 AUPRC Labels 

Beans 0.7903 0.3798 0.5131 0.6803 129 

Maize 0.9120 0.3220 0.4760 0.7140 354 

Maize 
flour 

0.8889 0.2222 0.3556 0.6405 108 

Millet 0.8850 0.3717 0.5236 0.7340 269 

Palm oil 0.5000 0.1053 0.1739 0.3314 19 

Veg. oil 0.0000 0.0000 0.0000 0.4729 6 

Imported 
rice 

0.8154 0.4530 0.5824 0.8101 117 

Local rice 0.8689 0.5196 0.6503 0.8268 102 

Sorghum 0.7059 0.3243 0.4444 0.6028 37 

Wheat 0.8824 0.6522 0.7500 0.8333 23 

Wheat 
flour 

0.7778 0.4667 0.5833 0.7471 75 

Table 9 reports a threshold-budget ablation using global EWMA score quantiles. Raising the threshold 
increases precision but sharply reduces recall. At the 0.975 quantile, precision is 0.8816 and recall is 0.2284. 
At the 0.995 quantile, precision rises to 0.9231 but recall falls to 0.0484. This result shows why a dashboard 
should not expose only one threshold. Country teams need a policy choice: high precision for donor-facing 
escalation, moderate precision for field screening, and lower thresholds for exploratory monitoring. 

Table 9. EWMA threshold-budget ablation. 

Setting Threshold Precision Recall F1 Alerts/100
0 

Q0.975 4.7172 0.8816 0.2284 0.3628 25.05 

Q0.990 7.6529 0.8915 0.0928 0.1681 10.07 

Q0.995 11.7953 0.9231 0.0484 0.0920 5.07 

The operational alert table is computed on observed data rather than injected data. It filters for high EWMA 
score and at least 10 percent month-to-month price increase. Table 10 lists the top alerts. Several Democratic 
Republic of the Congo observations are extreme, including rice prices in Uvira in September 2019 with very 
large month-to-month increases. The dashboard treats these as critical verification cases rather than 
automatically verified crises. That distinction is essential: an anomaly can reflect a real market disruption, a 
unit recording issue, a data-entry problem, or a market-specific change in reporting practice. The generated 
text therefore instructs analysts to prioritize market verification before donor-facing escalation. 

The alert examples also show why the system must separate detection from interpretation. The detector 
correctly identifies extreme deviations, but the dashboard does not decide whether the deviation was caused 
by conflict, transport cost, exchange-rate movement, seasonal scarcity, or a recording problem. That 
separation is a strength rather than a weakness. It allows an NGO to use the dashboard as a disciplined triage 
tool, then add contextual evidence from assessments, market monitors, partner reports, and field calls before 
publishing an external statement. 
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Table 10. Top observed EWMA operational alerts. Country codes use DRC for the Democratic Republic of 
the Congo, BFA for Burkina Faso, TCD for Chad, and LBN for Lebanon; Sev. uses Crit. and Warn. 

Code Market Item Month Score MoM Sev. 

DRC Beni Palm oil 2019-03 10.00 278.6% Crit. 

DRC Uvira Imp. rice 2019-09 10.00 5246.0% Crit. 

DRC Uvira Local 
rice 

2019-09 10.00 6200.0% Crit. 

BFA Faraman
a 

Imp. rice 2020-02 9.90 50.0% Warn. 

TCD Benoye Millet 2021-05 9.23 156.4% Crit. 

LBN West 
Beqaa 

Wheat 
flour 

2021-01 9.16 128.1% Crit. 

The generated copy for the highest-scoring alert was: “Critical: Oil (palm) in Beni, Democratic Republic of 
the Congo reached 4207.12 CDF/L in 2019-03, with an anomaly score of 10.00 and a month-to-month increase 
of 278.6%. Prioritize market verification before donor-facing escalation.” The generated copy for the Lebanon 
wheat-flour alert was: “Critical: Wheat flour in West Beqaa, Lebanon reached 4156.63 LBP/KG in 2021-01, 
with an anomaly score of 9.16 and a month-to-month increase of 128.1%. Prioritize market verification before 
donor-facing escalation.” 

 

Figure 7. NGO dashboard wireframe for map, alert table, evidence trail, and donor-facing summary. 

Figure 7 translates the experiment into an NGO interface. The map gives geographic triage. The ranked table 
gives action order. The time-series panel shows whether the alert is a spike or trend. The donor summary panel 
is generated from the same alert object and uses conservative language. The evidence trail contains detector 
name, threshold, test result, price history, and data source. This design follows dashboard principles that 
prioritize interpretability, stable encodings, and rapid comparison [18]-[20]. 

The dashboard design also supports accountability after an alert has been reviewed. A reviewer can mark the 
alert as verified, dismissed as data quality, merged into a broader market event, or retained for monitoring. 
These workflow states are not evaluated quantitatively in this paper, but the data structure supports them 
because every alert has a stable identifier, date, commodity, market, score, and threshold. For humanitarian 
teams, this audit trail is as important as model accuracy because it documents why a warning was shared or 
withheld. 
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Figure 8. Alert heat map by country and commodity for observed high-scoring increases. 

The alert heat map in Figure 8 helps analysts see clusters across countries and commodities. A single alert can 
be handled as a market verification task. A cluster across several markets or commodities is a stronger sign 
that teams should inspect supply constraints, currency movements, seasonal effects, or conflict-related 
disruptions. The heat map is not presented as causal evidence. It is a visual queue for structured follow-up. 

Table 11 maps dashboard components to the measured fields that support them. This table is included to 
prevent a common flaw in AI-assisted humanitarian prototypes: interface elements are attractive but not 
auditable. In the proposed dashboard, every visual and every sentence is linked to fields produced by the 
experiment. 

Table 11. Dashboard evidence mapping. 

Dashboard 
component 

Required data 
fields 

Purpose Audit control 

Alert severity 
badge 

Score, threshold, 
month-to-month 
change 

Distinguish 
warning from 
critical alerts 

Severity 
computed by 
released rule 

Market map 
marker 

Country, admin1, 
market, latitude, 
longitude 

Locate affected 
market 

Marker links to 
original market 
fields 

Time-series panel Monthly median 
price, unit, 
currency 

Show trend and 
spike context 

Analyst can 
inspect previous 
months 

Ranked alert table Score, threshold, 
detector, date 

Prioritize 
verification queue 

Same sort order 
regenerated by 
code 

Donor-facing 
summary 

Commodity, 
market, price, 
change, severity 

Provide concise 
factual briefing 

Generator uses 
whitelisted 
variables only 

Verification note Alert ID, data 
source, detector, 
threshold 

Avoid 
overclaiming 

Text explicitly 
requires market 
verification 

From a humanitarian operations perspective, the difference between EWMA and percent-change is the most 
important trade-off in the paper. Percent-change is attractive because it is easy to explain: a large jump from 
one month to the next is suspicious. Its weakness is that volatile markets can generate many large changes that 
are not unusual for that specific series. EWMA uses a smoothed local baseline and robust residual scale, which 
makes it less sensitive to ordinary fluctuations while still detecting sharp departures. That explains why 
EWMA records far fewer false positives while preserving strong ranking quality. 
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Overall, the experiment supports three design conclusions. First, a simple robust EWMA detector is stronger 
than more elaborate trend-seasonal scoring for this sparse humanitarian price setting. Second, dashboard 
thresholds must be connected to workload. A detector with high recall but many false positives is less useful 
for donor-facing escalation than a conservative detector with high precision. Third, LLM-style alert text must 
be constrained by data provenance. The paper’s warning copy is useful because it is specific, brief, and 
auditable; it does not infer causes, affected population, or funding needs that are not present in the data. 

Limitations 

The benchmark uses deterministic injected anomalies because the dataset does not include a complete set of 
human-labeled crisis-price events. Injected shocks provide known labels and enable fair comparison across 
detectors, but they do not represent every real shock pattern. Slow inflation, currency collapse, conflict-related 
market isolation, and unit changes can produce different signatures. The operational alert table partially 
addresses this issue by scoring observed data, but those alerts still require field verification. 

The selected data subset covers nine countries and eleven commodities. It is large enough for full experimental 
evaluation, but it is not a global WFP benchmark. Additional countries and commodities would test whether 
EWMA remains the best high-precision detector across different market systems. The method also keeps local 
currencies rather than converting all prices to a common purchasing-power basis. This is correct for detecting 
within-series deviations, but it limits cross-country comparisons of price level. 

The LLM-style alert generator is deliberately constrained. It improves consistency and reduces unsupported 
claims, but it does not evaluate open-ended language-model behavior, hallucination risk, multilingual 
generation, or human preference. Future work should test multiple generation models with human analysts 
and require every output to pass the same whitelist and evidence-link checks. The current paper evaluates the 
detection and dashboard grounding pipeline; it does not claim that generated warning copy alone improves 
humanitarian outcomes. 

Another limitation is that the evaluation does not join prices to household vulnerability, market-access 
constraints, conflict events, or nutrition outcomes. This is a deliberate boundary. The paper tests whether price 
anomalies can be detected and explained transparently from the available market table. A production NGO 
system should combine the alerts with context layers before making response decisions. The appropriate 
interpretation is therefore “verify this market-price signal” rather than “declare a food-security emergency.” 

Conclusion 

This paper presents a complete, reproducible food-price anomaly detection and visual alert workflow for 
humanitarian NGOs. The experiment uses 76,822 filtered WFP VAM retail price records, 526 eligible monthly 
market-commodity series, 12,813 held-out test observations, and 1,239 deterministic injected anomalies. 
Among seven detectors, EWMA achieves the strongest F1 score, 0.5146, with precision 0.8510, recall 0.3688, 
AUROC 0.9303, and AUPRC 0.7116. The results favor a conservative, auditable alert configuration for donor-
facing dashboard use. The attached figures and tables show how measured anomalies become map markers, 
alert tables, time-series explanations, heat maps, and warning copy. The released code and data package 
regenerates all empirical results, figures, and alert examples, eliminating placeholder results and aligning the 
manuscript with publication-style reproducibility requirements. 
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