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Abstract
The postprandial glucose response varies substantially among individuals, so a 
model trained on a population predicts well on average yet makes consistent, 
person-specific errors for individual participants. Personalization can close this 
gap, but most methods require retraining or a personal meal history that a newly 
enrolled subject has not yet accumulated. This study aimed to personalize an 
arbitrary pre-trained glucose model at inference time, without retraining, gradient 
updates, or diagnosis labels. We propose Neighbor Fusion Personalization (NFP), a 
model-agnostic inference-time layer that combines a population-model prediction 
with two nearest-neighbor estimates. The global estimate uses similar meals from 
the training population and is available at cold start, whereas the personal estimate 
uses the subject’s accumulating meal history. An adaptive weight, w(n) = n/(n + λ), 
gradually shifts the prediction from population-level toward personal evidence as 
the available history increases. Across 44 subjects and 5 base architectures spanning 
linear, tree-ensemble, and neural models, NFP reduced normalized root mean 
square error for glucose 60 min after a meal at every tested checkpoint from three 
meals onward, reaching a mean improvement of 0.032 (about 13%, approximately 
5 mg/dL) at 5 meals, significant on all 5 architectures (pfdr ≤ 0.01) with no per-model 
tuning. It outperformed subject-specific calibration and a mixed-effects baseline in 
the few-shot regime, and added about 0.11 ms and under 25 kB per prediction. On 
two independent cohorts spanning type 1 and type 2 diabetes, the direction of the 
effect was reproduced under frozen hyperparameters, with smaller gains that scaled 
with meal-feature fidelity. Because it is training-free and model-agnostic, NFP offers 
a practical personalization layer for continuous glucose monitoring, available from 
the first prediction. Its clinical value for dietary decision support remains to be tested 
prospectively.
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1. Introduction
Blood glucose rises after every meal, and the magnitude of that rise, known as the 
postprandial response, varies substantially from person to person. Two individuals 
eating the same food can produce glucose trajectories that differ by more than 50 mg/
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dL.1 This variation is not noise: it reflects stable metabolic 
differences that persist across repeated meal exposures 
and across days of monitoring. As the prevalence of type 
2 diabetes and prediabetes continues to rise worldwide2, 
accurate prediction of postprandial responses may help 
guide dietary choices and manage long-term health risk, 
since the size and duration of glucose excursions are 
themselves linked to vascular complications.3

Continuous glucose monitors (CGMs) now enable 
meal-level trajectories to be captured at scale, and machine 
learning models trained on population data predict 
postprandial glucose with reasonable average accuracy.1,4–10 
However, average accuracy can conceal systematic subject-
specific bias: a model may consistently overpredict for 
some participants and underpredict for others. The error is 
not random scatter around the truth but a person-specific 
offset that a population model cannot remove, because 
the model has, by construction, averaged over exactly the 
individual differences that produce it.

Personalization is the natural remedy for this systematic 
bias, but it demands individual meal data that a new subject 
has not yet produced. The way in which existing methods 
obtain and use such data, and the trade-offs associated 
with those methods, define the gap addressed in this study.

Most personalization methods adapt to a new subject 
by changing model parameters. Meta-learning is the 
dominant route, learning an initialization that can be fine-
tuned rapidly using a small number of subject-specific 
observations11–13, building on model-agnostic meta-
learning and metric-based few-shot methods from the 
broader literature.14–17 Transfer and fine-tuning methods 
reuse a source model for a target subject, whether by 
matching similar source subjects before transfer18 or by 
fine-tuning a general network on a few samples from 
the new subject19, and multitask formulations share 
information across participants to reduce the amount 
of subject-specific data required.20 These approaches 
can achieve high personalized predictive accuracy once 
sufficient subject-specific data are available. The adaptation 
step, however, requires gradient-based parameter updating 
for each new participant, and incremental schemes 
additionally require a minimum history before that update 
stabilizes.21 These requirements restrict such methods to 
differentiable models and introduce participant-specific 
computational costs; moreover, stable updating may not be 
possible immediately after enrollment.

Methods that avoid retraining take two further routes. 
Case-based retrieval matches an incoming meal to similar 
historical records and uses their observed outcomes 
directly22,23, an idea that also underlies case-based decision 
support for insulin dosing, including temporal variants 

that retrieve short event sequences and adaptive variants 
that retain patient history to track drift over time.24,25 Useful 
as these systems are, the retrieved neighbors are essentially 
the whole predictor, so the method has nothing to fall back 
on when a subject has no history yet.

The second route begins from a population prior 
and calibrates it toward the individual online. Data-
assimilation methods update subject-specific states and 
a few physiological parameters as self-monitoring data 
arrive, in both offline and online forms26,27, while recursive 
linear models refresh their parameters every few minutes 
from the subject’s own trace.28 Mixed-effects and adaptive-
selection models carry the same partial-pooling logic into 
clinical time series, placing greater weight on population-
level information when subject-specific data are scarce and 
greater weight on individual information as those data 
accumulate.29,30 These methods initially shrink estimates 
toward the population and place greater weight on the 
individual as subject-specific data accumulate. Neighbor 
Fusion Personalization (NFP) follows a similar general 
intuition, but the existing approaches are tied to particular 
model structures and cannot wrap an arbitrary black-box 
predictor without rederivation.

Retrieval-augmented forecasting has recently emerged 
as an inference-time alternative to retraining, building on 
retrieval-augmented generation in language models.31,32 In 
general time-series work, methods such as ReTime, RAF, 
TimeRAF, and TS-RAG retrieve related series or motifs 
and fuse them with the query, improving forecasts without 
updating model weights.33–36 GlyRAG carries the idea 
into CGM forecasting, retrieving similar glucose episodes 
from an embedding space and fusing them with the query 
before prediction.37 These methods establish that retrieval 
can augment inference without modifying parameters, yet 
they target zero-shot forecasting rather than subject-level 
adaptation, and they do not separate the retrieval pool into 
cross-subject and within-subject sources. The combination 
of cross-subject and within-subject neighbor prediction 
under a weighting scheme that responds to accumulating 
personal data remains unaddressed. Separately, recent 
work has pursued interpretability in personalized glucose 
modeling, using Shapley-value analysis to explain 
reinforcement-learning policies for glucose monitoring.38

Across these families, the prior literature establishes 
three capabilities that have rarely been brought together: 
a fixed population predictor, cross-subject retrieval that is 
available during cold start, and a within-subject memory 
that accumulates without retraining. Table 1 contrasts the 
dominant method families along five properties that matter 
at deployment: whether adaptation retrains the model, 
whether it needs accumulated personal history, whether it 
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can predict during cold start, whether it wraps an arbitrary 
base model, and whether it adapts at the subject level. Each 
family leaves at least one property unmet. As summarized 
in Table 1, NFP combines in a single inference-time 
framework the deployment-relevant properties not jointly 
provided by prior work. Parameter-based methods retrain 
per subject and cannot provide subject-specific adaptation 
before personal history is available; case-based methods 
lean entirely on retrieved cases with little to fall back on 
at cold start; and mixed-effects and assimilation methods 
are each tied to a particular model structure. Retrieval-
augmented forecasting can support cold-start prediction 
without retraining, yet it targets generic zero-shot 
prediction rather than subject-level adaptation and rarely 
separates cross-subject from within-subject evidence. NFP 
combines the three capabilities in one inference-time layer, 
fusing a fixed population predictor, a cross-subject retrieval 
prior, and an accumulating within-subject memory under 
a history-dependent weighting rule, with no retraining and 
no diagnosis labels.

In computational terms, this is a cold-start 
personalization problem, where a model trained on many 
subjects must serve a new individual before that person 
has logged enough meals for conventional personalization. 
This paper makes four contributions: 

(i)	 We propose NFP, a training-free, model-agnostic 
layer that fuses a population model with cross-subject 
(global k-nearest-neighbor prediction [Global-kNN]) 
and within-subject (Personal-kNN) neighbors under 
an adaptive weighting schedule, with no retraining or 
diagnosis labels. 

(ii)	 A chronological few-shot protocol measured 
personalization gain at successive history checkpoints 
across the cold-start regime. 

(iii)	Evaluation and component comparisons across five 
architectures on CGMacros1 showed statistically 

significant normalized root mean square error 
(NRMSE) gains at every tested checkpoint from 3n =  
onward (n = 3, 5, 10 and 20), and the gain generalizes 
across all three prediction horizons and across the 
three metabolic groups in the dataset. 

(iv)	 Two independent cohorts, Shanghai T2DM and 
HUPA-UCM, showed personalization gains under 
frozen NFP hyperparameters, with a magnitude that 
scales with meal-feature fidelity.

2. Methods
2.1. Problem formulation

We consider a population training set ( ){ }tr ,i ix y=  drawn 
from a group of subjects, where each ix  is a per-meal 
feature vector and iy  is the observed postprandial glucose 
at a fixed horizon. A population model fθ  is fitted once on 

tr , and its parameters θ  remain fixed thereafter; we write 
its prediction for a meal x  as ( )popŷ f xθ= . At deployment, 
an unseen test subject produces meals in chronological 
order, ( ) ( )1 1, , , ,

s sT Tx y x y… . To measure personalization at a 
controlled history size, we adopt a fixed-shot setting. At 
history size n, the first n  chronological meals form the 
personal history ( ) 1{ , }n

n i i ix y == , and every later meal of 
the same subject is evaluated as a query against this fixed 
support set. The history is therefore frozen at n meals 
within a checkpoint, so query outcomes never enter n , 
and the case n = 0 is the cold-start condition, where no 
personal outcome is available. The objective is to predict 
glucose at horizons of 30, 60, and 120 min for each query 
meal. 

Personalization here is framed as an inference-time 
adaptation operator ( ), ,q nA f xθ   that adjusts the prediction 
for a query meal qx  using the personal history, without 
modifying θ . This separates the present setting from 
conventional few-shot learning, where the few examples 
are used to estimate new model parameters. NFP estimates 

Table 1. Comparison of method families for postprandial glucose personalization according to five deployment-relevant 
characteristics

Method family Retraining Personal history Cold-start support Model-agnostic 
personalization

Subject-level 
adaptation

Fine-tuning, meta-learning11–13,18,19 Required Usually required Limited No Yes

Case-based retrieval22–25 No Usually required Weak Usually yes Yes

Mixed-effects and data-assimilation 
methods26–30 Online updating Required Population prior No Yes

Time-series RAG33–37 No Not necessarily 
personal Yes Usually model-

specific Usually no

NFP (this work) No Optional initially Yes Yes Yes

Abbreviations: NFP: Neighbor Fusion Personalization; RAG: Retrieval-augmented generation.
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no parameters from n ; the personal meals act as an 
inference-time memory, retrieved at prediction time 
and never folded into the model itself. The operator uses 
only same-subject meals drawn from n , which enforces 
subject-level and chronological isolation between support 
and query.

2.2. Dataset and preprocessing

The CGMacros dataset1 contains meal records from 45 
subjects across 3 metabolic groups (healthy controls, 
individuals with prediabetes, and those with type 2 
diabetes). Each subject wore a Dexcom G6 Pro CGM 
(Dexcom, United States of America) for an average of 
9.4 ± 1.5 days, with readings recorded at five-minute 
intervals. A total of 1,301 meal events are annotated 
with macronutrient content (carbohydrates, protein, fat, 
and energy content in kilocalories), meal start time, and 
participant characteristics and clinical variables including 
age, body mass index, glycated hemoglobin (HbA1c), 
and gender. Meal counts range from 1 to 54 per subject 
(median 29). One subject with only one recorded meal was 
excluded from evaluation, leaving 44 evaluable subjects. 
Table 2 summarizes the dataset composition.

Table 2. CGMacros dataset composition by metabolic group1

Group Subjects Meals Glucose@60, mean ± SD (mg/
dL)

Healthy 15 469 138 ± 24

Prediabetic 16 448 154 ± 29

Type 2 diabetic 14 384 192 ± 40

Total 45 1,301 –

Note: One participant with only one recorded meal was excluded from 
the evaluation.

For each meal event, a 60-min pre-meal CGM window 
comprising 12 readings at 5-min intervals and ending 
immediately before meal onset was extracted, and the last 
reading before onset was also retained as a scalar (pre-meal 
glucose). Combined with four meal-composition features, 
two cyclic meal-time features defined as ( )sin 2 / 24hπ  
and ( )cos 2 / 24hπ  where h  denotes the hour of day,, and 
participant characteristics and clinical variables (age, 
body mass index, HbA1c, and gender), this forms a 
23-dimensional feature vector per meal (Table 3). NFP 
draws its neighbors from two subsets of these features. 
The global subset (macronutrient variables and pre-meal 

glucose, five dimensions) keeps only meal-level descriptors 
expected to generalize across participants, which is what 
makes cross-subject matching meaningful. The personal 
subset (CGM window, macros, pre-meal glucose, and meal 
time, 19 dimensions) adds the subject’s metabolic state at 
onset but drops demographics, which do not vary within 
a participant and therefore cannot distinguish among 
that participants’ meals. All features are z-normalized 
per fold using training-set statistics only, so no test-fold 
information enters the normalization.

Table 3. Per-meal feature subsets for population models and 
NFP neighbor prediction

Feature Dimension Full Global Personal

Pre-meal CGM window 12 ✓ ✓

Carbohydrates (g) 1 ✓ ✓ ✓

Protein (g) 1 ✓ ✓ ✓

Fat (g) 1 ✓ ✓ ✓

Energy (kcal) 1 ✓ ✓ ✓

Pre-meal glucose 1 ✓ ✓ ✓

Meal time, sine/cosine 
encoded 2 ✓ ✓

Age 1 ✓

BMI 1 ✓

HbA1c 1 ✓

Gender (binary) 1 ✓

Total 23 5 19

Abbreviations: BMI: Body mass index; HbA1c: Glycated hemoglobin; 
NFP: Neighbor Fusion Personalization.

Whether personalization can improve prediction 
depends on how much of the variation in postprandial 
glucose reflects stable, subject-specific differences rather 
than patterns shared across the population. A between- 
versus within-subject variance decomposition (Table 4) 
shows that 45–49% of the variance in the raw glucose 
targets is between-subject across the three horizons, which 
is the share a personalized model can exploit and which 
sets a ceiling on achievable gains. For the meal-to-meal 
excursion, however, the variance distribution is reversed: 
78–86% of the variance lies within subjects, indicating 
that this response component is largely meal-specific and 
therefore less amenable to personalization. The mean 
within-subject standard deviation of the 60-min excursion 
ranges from about 18 to 38 mg/dL across diagnosis groups, 
which sets a floor on the error any method can reach.
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Table 4. Between- and within-subject shares of variance in 
raw glucose targets and glucose excursions in the CGMacros 
dataset at each prediction horizon, estimated using a one-way 
subject-level variance decomposition

Horizon 
(min)

Raw target Excursion

Between Within Between Within

30 45 55 14 86

60 49 51 22 78

120 49 51 15 85

2.3. Population baseline models

Five models serve as population baselines: ridge regression 
(B1), extreme gradient boosting (XGBoost; B2), a 
bidirectional long short-term memory (BiLSTM; B3), a 
multilayer perceptron (MLP; B4), and random forest (RF; 
B5). They span linear, tree, and neural architectures to 
ensure personalization gains are model-agnostic. All five 
use the same 23 input variables, represented according to 
each architecture, and produce a separate output for blood 
glucose at 30, 60, and 120 min after meal onset. All five are 
trained on training-fold subjects with no subject-specific 
adaptation. Their predictions for the test subjects serve 
as the reference against which personalization gains are 
measured. NFP does not modify or retrain these models; 
instead, it adjusts their predictions at inference time using 
nearest-neighbor prediction (Figure 1). For reference, 
a naive persistence baseline that carries the pre-meal 
glucose forward yields NRMSE@60 of 0.342, which all 
five population models substantially outperformed. Table 
5 summarizes the architectures and key hyperparameters.
Table 5. Population baseline models and key hyperparameters

ID Model Key hyperparameters

B1 Ridge regression
RidgeCV; α ∈ {0.01, 0.1, 1, 10, 100}, selected 
by leave-one-out CV; fit separately per 
horizon.

B2 XGBoost

200 trees, max depth 6, learning rate 0.1; 
early stopping after 20 rounds on a held-out 
validation set (20% of training subjects, 
stratified by diagnosis).

B3 BiLSTM

BiLSTM(32 units/direction) on CGM 
sequence; static branch MLP(11 → 32 
→ 16); fusion MLP(80 → 64 → 32) with 
Dropout(0.3); three linear heads.

B4 MLP Linear(23 → 64 → 32 → 16) with ReLU and 
Dropout(0.3); three linear heads.

B5 RF 500 trees, min_samples_leaf = 5, OOB 
score; fit separately per horizon.

Abbreviations: BiLSTM: Bidirectional long short-term memory; CGM: 
Continuous glucose monitor; CV: Cross-validation; MLP: Multilayer 
perceptron; OOB: Out-of-bag; ReLU: Rectified linear unit; RF: Random 
forest; XGBoost: Extreme gradient boosting.

2.3.1. Neural model architectures 

The BiLSTM (B3) reads the CGM window as a length-12 
sequence through a BiLSTM (32 units per direction) and 
processes the eleven static features (macros, pre-meal 
glucose, meal time, and demographics) in a parallel two-
layer branch. The two branches are concatenated and 
passed through a fusion network before three independent 
linear heads predict the 30, 60, and 120-min targets. The 
MLP (B4) instead flattens all 23 features into a single vector 
and applies a three-layer network feeding the same heads. 
Layer dimensions are listed in Table 5.

2.3.2. Training setup 

Both neural models were trained with AdamW ( 310η −= , weight 
decay 410− ) under cosine annealing ( 200maxT = , 510minη −= ) 
and a batch size of 64. Early stopping monitors validation 
root mean square error (RMSE) at 60 min with a patience of 
20 and a maximum of 200 epochs. Output head biases are 
initialized to the per-horizon training mean. Each horizon 
has a separate output, while the neural models share their 
internal representations across the three horizons. Ridge 
regression (B1) and RF (B5) were fitted on all training-fold 
subjects; XGBoost (B2) and the neural models use an 80/20 
within-fold split (stratified by diagnosis) as a validation set 
for early stopping.

2.4. Neighbor fusion personalization

At deployment, a test subject begins with no personal meal 
history. For each incoming meal, the population model 
produces a prediction popŷ  based on population-level 
patterns. The goal of NFP is to improve this prediction using 
the subject’s own records as they accumulate. At prediction 
time for a given meal, the available personal history is 

( ) 1{ , }n
n i i ix y == , where ix  is the feature vector and iy  the 

observed glucose at 60 min for the i -th preceding meal 
from the same subject, ordered chronologically.

2.4.1. Global-kNN prediction 

Global-kNN searches the training population for meals 
most similar to the meal being predicted. Its 

gk  nearest 
neighbors are found using Euclidean distance on the 
global feature subset, and the cross-subject prediction is 
the inverse-distance-weighted mean of those neighbors’ 
true outcomes, with larger weights assigned to neighbors 
at shorter Euclidean distances, following the classical 
nearest-neighbor rule39:

1ˆ ,g

g

j jj
g j

j jj

w y
y w

w d
∈

∈

= =
+

∑
∑






	
(1)

where g  is the set of gk  nearest neighbors, jd  is the 
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Figure 1. NFP framework combining the population-model, Global-kNN, and Personal-kNN predictions using a history-dependent adaptive weighting 
scheme, ( )w n
Abbreviations: BiLSTM: Bidirectional long short-term memory; CGM: Continuous glucose monitor; kNN: k-nearest neighbors; NFP: Neighbor Fusion 
Personalization; Pop: Population; Ridge: Ridge regression; Subj: Subject; XGBoost: Extreme gradient boosting.
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Euclidean distance to neighbor j , and 610−=  prevents 
division by zero. Because these neighbors come only 
from training data, the index is built once per fold. The 
standalone full-feature Global-kNN comparator uses 
the full 23-dimensional feature vector with 20k = , so its 
weak performance is not an artifact of feature starvation. 
This comparator differs in feature set and neighbor count 
from the global component embedded in NFP, which uses 
only the five-dimensional subset of Table 3 as a cold-start 
anchor ( 10gk = ), so it bounds the value of cross-subject 
retrieval rather than isolating the embedded component 
exactly.

2.4.2. Personal-kNN prediction

Personal-kNN applies the same neighbor search to the 
subject’s own history instead of the training population. 
The personal prediction ˆ py  uses Equation 1, with 
neighbors drawn from n  on the personal feature subset. 
When pn k< , all available personal meals are used, and 
when 0n =  no personal prediction exists.

2.4.3. Adaptive weighting

The three signals are combined under a schedule that 
depends only on how many personal meals are available 
so far:

( ) nw n
n λ

=
+

	
(2)

NFP= pop
1 1w +

2 2
p g

w wy y y y− −
+   

	
(3)

The two non-personal signals, Global-kNN and the 
population model, split the remaining weight 1 w−  equally, 
acting as a joint prior that fades as personal history grows. 
At n = 0 this prior carries all the weight and the output is 
an equal blend of Global-kNN and the population model, 
the only evidence available before the subject has logged 
a meal. As meals accumulate, 1w→  and Personal-kNN 
takes over, with λ  setting how quickly the handover 
occurs. Hyperparameters were selected by grid search 
on the training folds; the final values are 10gk = , 5pk = , 
and 5λ = , with results stable for { }3,5,10λ∈ . At 5λ =  the 
personal component carries 50% weight at n =5 meals and 
80% at n = 20. Algorithm 1 states the full inference path for 
a single meal.

2.4.4. Computation and deployment

Neighbor Fusion Personalization adds two nearest-
neighbor searches to each prediction and introduces no 
trainable parameters. The global index is built once per fold 
from the training meals and reused for every test subject, 
so its cost is amortized across the cohort. Each query then 
ranks the 5-dimensional global subset over the training 
pool and the at most 20 meals of personal history on the 
19-dimensional personal subset, both negligible against a 
single forward pass of the population model. Because the 
population model is queried only through its output, NFP 
stores nothing beyond the training feature matrix and the 
subject’s own meals, so its added memory and computation 
remain modest relative to the base model.

Algorithm 1. NFP inference for one meal

1:  Input: query x, population prediction ŷ_pop, training index (Xᵗʳ_g, yᵗʳ), 
personal history H_n, parameters k_g, k_p, λ

2:  w ← n/(n+λ)

3:  ŷ_g ← InvDistKNN(x, Xᵗʳ_g, yᵗʳ, k_g)      // global subset

4:  if n > 0 then

5:      ŷ_p ← InvDistKNN(x, H_n, k_p)            // personal subset

6:  else

7:      ŷ_p ← 0

8:  end if

9:  ŷ_NFP ← w·ŷ_p + ((1−w)/2)·ŷ_g + ((1−w)/2)·ŷ_pop

10: return ŷ_NFP
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2.5. Design rationale

Three design choices distinguish NFP from a single nearest-
neighbor predictor, and each follows from the structure of 
the problem. The first is the use of separate feature spaces 
for the two retrieval sources. Global-kNN matches meals 
across subjects, so it keeps only meal-level descriptors that 
transfer between people, namely macronutrients and pre-
meal glucose. Participant-level variables such as age and 
HbA1c help a population model place a subject within 
the cohort, but they are constant within a subject and 
cannot separate one of that subject’s meals from another, 
so the personal subset omits them. Matching on a compact 
meal-level representation may also be more reliable than 
matching in the full feature space, where between-subject 
distances are dominated by demographic spread rather 
than meal content.

The second choice is the shared weight on the two 
non-personal signals. The population model and Global-
kNN both describe the average response rather than the 
individual, so they act as a joint prior that fades together 
as personal evidence accumulates. The third choice is the 
gradual handover governed by λ . Rather than switching 
abruptly to Personal-kNN once any history exists, the 
weight ( ) ( )/w n n n λ= +  raises personal trust smoothly 
with the number of observed meals, so λ  behaves as 
a shrinkage parameter that sets how much personal 
evidence is trusted at each history size. This can be read as 
a bias-variance compromise. Personal-kNN may represent 
the individual more faithfully, but its estimate has high 
variance when only one or two meals are available, whereas 
the population-level estimates are stable yet retain subject-

specific bias. Adaptive fusion leans on the stable prior while 
personal data are scarce and on the personal estimate once 
it becomes reliable, echoing the partial-pooling behavior 
of mixed-effects and assimilation models26,29 without 
committing to their model structure.

2.6. Evaluation protocol

The evaluation protocol comprised subject-level cross-
validation, chronological few-shot simulation, assessment 
of temporal drift, and subject-level statistical analysis.

2.6.1. Cross-validation 

Subjects are assigned to folds as units, so no subject’s meals 
appear in both training and test partitions. Each of the 
five folds holds approximately nine test subjects, with the 
remaining 35 forming the training set. Population models 
and the Global-kNN index are built from training-fold 
data exclusively.

2.6.2. Few-shot simulation 

In sequential online deployment, the personal history grows 
after each observed outcome. For controlled evaluation, 
however, we freeze the history at predefined checkpoints 
to isolate the effect of history size, as illustrated in Figure 2. 
For each test subject, meals are sorted by time and indexed 
from 1 to sT . At checkpoint n, the first n meals form the 
personal history n  and all later meals are evaluated. 
The experiment repeats at { }0,1,2,3,5,7,10,15,20n∈ , 
tracing how personalization gain changes as personal data 
accumulate. A subject is evaluated at checkpoint n only 
if at least five meals remain after the first n (i.e., 5n≥ +  

Figure 2. Few-shot evaluation protocol for a single test subject
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recorded meals). At n = 20, five subjects fall below this 
threshold and are excluded (Table 6).
Table 6. Evaluable subjects and meals per history checkpoint

Personal-history 
checkpoint, n (meals) Evaluable subjects Evaluation meals

0 44 1,300

5 44 1,080

10 44 860

20 39 413

2.6.3. Temporal drift 

Because the protocol uses each subject’s earliest meals 
as history and evaluates later ones, the gain could in 
principle reflect later meals being easier to predict rather 
than personalization. This does not appear to be the case 
in CGMacros. The mean per-subject change in target@60 
from early to late meals is small ( 3.5+  mg/dL), and only 7 
of 44 subjects show an absolute drift above 20 mg/dL. The 
mean target@60 and its deviation from the subject mean 
are also stable across meal positions, so early meals are 
neither systematically higher nor noisier than later ones, 
which supports their use as history.

2.6.4. Metrics and significance 

The primary metric is NRMSE improvement at the 
60-min horizon (∆NRMSE@60): for each test subject, 
the NRMSE of the personalizing method subtracted from 
that of the population model, averaged over evaluation 
meals at checkpoint n . Positive values indicate a gain over 
the population model. NRMSE is RMSE divided by the 
subject’s mean glucose, which normalizes for the different 
baseline glucose levels across subjects, so the same absolute 
error counts for more in a subject who runs low than in 
one who runs high. Each subject belongs to one test fold, so 
subject-level scores are averaged over the held-out subjects 
pooled across the five folds, using all evaluable subjects at 
each checkpoint. Significance is assessed at n = 3, 5, 10, 
and 20 with a one-sided Wilcoxon signed-rank test, a 
non-parametric paired test suited to the small and skewed 
per-subject sample, with Benjamini–Hochberg correction 
controlling the false discovery rate across the five models at 
each checkpoint. We also report 95% bootstrap confidence 
intervals from 2,000 subject-level resamples.

2.6.5. Association between population-model bias 
and personalization gain

To evaluate whether personalization gain is associated with 
population-model error, we summarize each test subject 

by two quantities at the 60-min horizon. The population-
model bias is the absolute value of the mean signed 
residual, popŷ y− , over the subject’s evaluation meals, which 
captures the systematic offset the population model leaves 
on that subject. The personalization gain is the subject’s ∆
NRMSE@60 at n = 5. Both quantities are averaged across 
the five base models so that each subject contributes a 
single bias-gain pair, computed from the same canonical 
NFP configuration used elsewhere ( 10gk = , 5pk = , 5λ = ). 
The association between bias and gain is measured by the 
Pearson correlation, with the Spearman rank correlation as 
a robustness check.

2.7. External-cohort validation

To test whether the NFP mechanism transfers beyond 
CGMacros, we repeated the evaluation on two independent 
public cohorts. The hyperparameters selected on CGMacros 
were kept fixed (kg = 10, kp = 5, 5λ = ); within each external 
dataset, only the population models were retrained, under 
the same subject-wise five-fold cross-validation and few-
shot protocol. No NFP parameter was retuned, so any gain 
reflects transfer rather than dataset-specific tuning, and 
the datasets were not pooled because device, sampling rate, 
clinical population, and meal annotation differ.

Shanghai T2DM40 is the primary external cohort because 
it matches the type 2 diabetes motivation. It comprises 100 
patients with glucose recorded every 15 min and free-
text dietary records, for 3,013 evaluable meals across 109 
monitoring periods. Meals were represented by coarse 
proxies parsed from the food descriptions (total recorded 
weight, number of items, and a staple-carbohydrate weight 
from keyword matching), together with pre-meal glucose 
and meal time, rather than measured macronutrients, and 
the pre-meal window used the four readings spanning the 
60 min before onset. Each monitoring period was treated 
as a separate few-shot sequence, while all periods from one 
patient shared a cross-validation fold.

HUPA-UCM41 is a deliberately harder transfer setting: 
subjects with type 1 diabetes on insulin therapy, FreeStyle 
Libre glucose at five-minute resolution, and carbohydrate-
only meal information with no demographics. Each 
subject was truncated to the first 14 days so that no single 
long recording dominated the retrieval pool, leaving 845 
evaluable meals across 21 subjects, and the pre-meal 
window matched CGMacros (twelve 5-min readings). 
In both cohorts, the Global-kNN and Personal-kNN 
feature subsets followed the construction of Section 2.2 
using the variables available, and population NRMSE 
was comparable across the five base models, so none was 
degenerate.
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3. Results
3.1. Personalization across history size

Table 7 reports absolute NRMSE@60 for all four methods 
at seven history checkpoints. Global-kNN is model-
independent, so its value repeats across the five baselines 
within a checkpoint, and Personal-kNN is undefined at n 
= 0. NFP achieves the lowest average NRMSE from n = 
0 through n = 15. Personal-kNN matches NFP at n = 15 
and slightly outperforms it at n = 20, as the contribution of 
personal history to the blended prediction increases. The 
analysis below centers on n = 15 , where population RMSE 
ranges 38–44 mg/dL across architectures.

At five meals of history, NFP improves all five 
architectures, from +0.027 (RF) to +0.044 (XGBoost), 
for a mean of +0.032. This 13% relative error reduction 
(approximately 5 mg/dL) is significant across all five 
models (pfdr ≤ 0.010). Per-subject gains appear in Figure 3 
(error bars: 95% bootstrap confidence interval).

Personal-kNN reaches a mean gain of +0.027 at n 
= 5 and is significant on all five models as well, but its 
confidence intervals are wider than those of NFP. The 
difference comes from the global anchor, which steadies 
the blend while personal history is still small.

The standalone full-feature Global-kNN comparator is 
near-zero or negative on four of five models, ranging from 
−0.006 to −0.002. The exception is XGBoost (+0.014), 
where the larger residuals of the gradient-boosted model 
make neighbor-based correction marginally useful. These 
effect sizes indicate that cross-subject retrieval alone 
contributes little once a competent population model is in 
place.

At n = 10, NFP maintains its advantage, with a mean 
gain of +0.034 versus +0.032 for Personal-kNN (Figure 4).

3.2. Learning curves

Figure 4 traces the mean gain over the population model as 
personal history grows from zero to twenty meals. Shaded 
bands show 95% bootstrap confidence intervals. Population 
and Global-kNN remain near zero at all n. Personal-kNN 
produces consistent gains from n = 1 onward, rising from 
+0.006 at n = 1 to +0.045 at n = 15. NFP leads at every 
checkpoint. At n = 3, NFP is statistically significant on all 
five architectures (pfdr ≤ 0.01 on three, pfdr ≤ 0.05 on two).

The advantage of NFP over Personal-kNN is 
concentrated in early history (n ≤ 5). At n = 0, Personal-
kNN is undefined and reverts to the population model, 
while NFP returns +0.005 via the Global-kNN blend. The 
gap is +0.006 at n = 1 (NFP +0.012 versus Personal-kNN 
+0.006) and holds near +0.005 through n = 5, before falling 

to +0.002 at n = 10. From n = 15 onward, the two methods 
are within +0.001 of each other.

Figure 3. ΔNRMSE improvement per architecture: (A) n = 5 meals (44 
subjects), (B) n = 10 meals (44 subjects), (C) n = 20 meals (39 subjects). 
Abbreviations: BiLSTM: Bidirectional long short-term memory; MLP: 
Multilayer perceptron; NFP: Neighbor Fusion Personalization; NRMSE: 
Normalized root mean square error; RF: Random forest; XGBoost: 
Extreme gradient boosting.

3.3. Consistency across base architectures

The personalization gain is not confined to a particular 
kind of base model. At n = 5, NFP lowers NRMSE@60 for 
all five architectures, and it does so for both the weakest 
and the strongest population model. XGBoost has the 
highest population error (0.248) and receives the largest 
absolute correction, while RF has the lowest population 
error (0.228) and the smallest, yet both improve. Ridge 
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Table 7. Absolute NRMSE@60 for the population and personalization methods across selected personal-history checkpoints

Model Population Global-kNN Personal-kNN NFP

n = 0 meals: cold start (44 subjects)

B1 Ridge 0.237 0.241 − 0.231a

B2 XGBoost 0.255 0.241a − 0.242

B3 BiLSTM 0.236 0.241 − 0.233a

B4 MLP 0.237 0.241 − 0.234a

B5 RF 0.232a 0.241 − 0.233

Mean 0.240 0.241 − 0.235a

n = 1 meal (44 subjects)

B1 Ridge 0.238 0.242 0.232 0.226a

B2 XGBoost 0.256 0.242 0.247 0.235a

B3 BiLSTM 0.236 0.242 0.232 0.228a

B4 MLP 0.238 0.242 0.234 0.229a

B5 RF 0.233 0.242 0.227 0.226a

Mean 0.240 0.242 0.234 0.229a

n = 3 meals (44 subjects)

B1 Ridge 0.234 0.236 0.217 0.210a

B2 XGBoost 0.250 0.236 0.223 0.214a

B3 BiLSTM 0.230 0.236 0.214 0.210a

B4 MLP 0.232 0.236 0.215 0.210a

B5 RF 0.228 0.236 0.212 0.209a

Mean 0.235 0.236 0.216 0.211a

n = 5 meals (44 subjects)

B1 Ridge 0.232 0.234 0.206 0.201a

B2 XGBoost 0.248 0.234 0.211 0.203a

B3 BiLSTM 0.229 0.234 0.205 0.201a

B4 MLP 0.231 0.234 0.206 0.202a

B5 RF 0.228 0.234 0.204 0.201a

Mean 0.234 0.234 0.206 0.201a

n = 10 meals (44 subjects)

B1 Ridge 0.224 0.232 0.196 0.194a

B2 XGBoost 0.243 0.232 0.198 0.195a

B3 BiLSTM 0.223 0.232 0.196 0.194a

B4 MLP 0.225 0.232 0.196 0.194a

B5 RF 0.223 0.232 0.194 0.193a

Mean 0.228 0.232 0.196 0.194a

n = 15 meals (44 subjects)

B1 Ridge 0.223 0.229 0.181a 0.181a

B2 XGBoost 0.243 0.229 0.182 0.181a

B3 BiLSTM 0.222 0.229 0.182 0.181a

B4 MLP 0.227 0.229 0.183 0.182a

(Cont’d...)
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Model Population Global-kNN Personal-kNN NFP

B5 RF 0.220 0.229 0.180a 0.180a

Mean 0.227 0.229 0.182 0.181a

n = 20 meals (39 subjects)

B1 Ridge 0.211 0.216 0.173a 0.173a

B2 XGBoost 0.230 0.216 0.173a 0.173a

B3 BiLSTM 0.213 0.216 0.173a 0.174

B4 MLP 0.215 0.216 0.174a 0.174a

B5 RF 0.209 0.216 0.172a 0.173

Mean 0.216 0.216 0.173a 0.174

Note: Lower values indicate better performance. Superscript “a” denotes the lowest value in each row; tied values are marked equally. Abbreviations: 
BiLSTM: Bidirectional long short-term memory; MLP: Multilayer perceptron; NFP: Neighbor Fusion Personalization; NRMSE: Normalized root mean 
square error; RF: Random forest; XGBoost: Extreme gradient boosting.

Figure 4. Mean ∆ NRMSE improvement vs. personal history size n
Abbreviations: NFP: Neighbor Fusion Personalization; NRMSE: Normalized root mean square error.

Table 7. (Continued)

personalization, since no personal history is yet available.

3.4. Generalization across prediction horizons

The analysis so far fixes the 60-min horizon, where 
the postprandial peak typically falls. Table 8 extends the 
evaluation to the 30 and 120-min targets under the same 
protocol and weights. NFP helps at every horizon, but 
the size of the gain differs across them. At 30 min, the 
population model is already accurate (NRMSE 0.175), and 
NFP delivers a smaller +0.013 at n = 5, whereas at 60 and 
120 min it secures +0.032 and +0.030, a reduction near 
13% that persists two hours after the meal. Raising history 
to n = 10 lifts every horizon further while preserving this 
ordering. The gain is therefore not specific to the 60-min 
target, and it is smallest at the shortest horizon.

3.5. Personalization by metabolic group

Neighbor Fusion Personalization carries no diagnosis 

regression, BiLSTM, and MLP fall between these extremes. 
Because the five baselines span linear, tree-ensemble, and 
neural families, consistent gains across them support 
model-agnosticity more directly than the breadth of the 
list alone.

A further pattern is the convergence of the personalized 
errors. Population NRMSE@60 ranges from 0.228 to 0.248 
across architectures at n = 5, a spread of 0.020, whereas 
the corresponding NFP values fall within 0.201 to 0.203, 
a spread of 0.002. By n = 20 the NFP values sit within 
0.173 to 0.174 regardless of base model. This suggests 
that accumulated personal evidence supplies much of 
the signal at later checkpoints, narrowing the differences 
between base learners. The same reading explains why 
Personal-kNN approaches NFP at n = 15, which reflects the 
intended weighting rather than a weakness of the fusion. 
The modest lead NFP holds at n = 0 is best described as 
cold-start stabilization through the global anchor, not full 
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label, yet its benefit is not spread evenly across metabolic 
groups. Table 9 breaks the 60-min improvement at n = 5 
by diagnosis. The group counts match Table 2 except that 
the single excluded one-meal subject was prediabetic, 
leaving 15 prediabetic subjects here. Prediabetic subjects 
gain most (+0.045), type 2 diabetic subjects next (+0.030), 
and healthy controls least (+0.021), and the same ordering 
holds at n = 10. The two groups of greatest clinical interest 
thus receive the largest gains without any group-specific 
tuning, which supports using NFP as a single layer rather 
than a per-cohort model.

3.6. Relationship between population bias and 
personalization gain

Figure 5 relates each subject’s personalization gain to the 
systematic error the population model leaves on that subject, 
both measured at the 60-min horizon and averaged across 
the five base models as defined in the evaluation protocol. 
Each point is one subject, positioned by population-model 
bias against NFP gain at n = 5. The two are strongly and 
positively associated (Pearson r = 0.77, p < 10−9). Subjects 
with low bias, clustered near the origin, show small gains, 
whereas the subjects the population model misreads most 
show the largest gains. The diagnosis groups fall along 
the same line rather than forming separate clusters, with 
healthy subjects at the low-bias end and prediabetic and 
type 2 diabetic subjects spread toward the high-bias end.

Figure 5. Per-subject population-model bias versus NFP gain at n = 5, 
60-min horizon. Each point is one subject; the dashed line represents the 
least-squares regression fit. 
Abbreviations: NFP: Neighbor Fusion Personalization; NRMSE: 
Normalized root mean square error.

3.7. External-cohort validation

Table 10 reports the personalization gain on the two 
external cohorts, averaged across the five retrained 
base architectures. In Shanghai T2DM, the average 

Table 8. NRMSE by prediction horizon, averaged across the five architectures 

Personal-history meals (n) Horizon (min) Population Personal-kNN NFP ΔNFP

5

30 0.175 0.168 0.162 +0.013

60 0.234 0.206 0.201 +0.032

120 0.236 0.215 0.206 +0.030

10

30 0.172 0.157 0.154 +0.018

60 0.228 0.196 0.194 +0.034

120 0.229 0.204 0.200 +0.029

Note: ∆NFP is the gain over the population model. Abbreviations: NFP: Neighbor Fusion Personalization; NRMSE: Normalized root mean square error.

Table 9. NFP ΔNRMSE@60 by metabolic group, averaged across the five architectures

Group Subjects ΔNFP (n = 5) ΔNFP (n = 10)

Healthy controls 15 +0.021 +0.020

Prediabetes 15 +0.045 +0.050

Type 2 diabetes 14 +0.030 +0.031

Note: ΔNFP is the gain over the population model. Abbreviations: NFP: Neighbor Fusion Personalization; NRMSE: Normalized root mean square error.
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ΔNRMSE@60 was positive at every few-shot checkpoint, 
rising from +0.004 at cold start to +0.013 at n = 10, and the 
gain was larger at the 120-min horizon (+0.024 at n = 5 and 
+0.028 at n = 10). The improvement was concentrated in 
the higher-error nonlinear and neural baselines: NFP gains 
were statistically significant for XGBoost and the BiLSTM 
across checkpoints (pfdr < 0.05), weaker for RF, and slightly 
negative for ridge regression, so the effect held on average 
rather than for every model.

HUPA-UCM behaved as the harder setting its design 
implies. NFP did not improve cold-start prediction 
(ΔNRMSE@60 = −0.012 at n = 0), which reflects a weak 
two-dimensional global anchor without demographics, 
but it became positive once personal history accumulated, 
reaching +0.012 at n = 5 and +0.027 at n = 10, with the 
largest gains again at 120 min (+0.036 at n = 10). These 
gains were led by XGBoost. In both cohorts, the 30-min 
horizon showed no benefit, consistent with the short-
horizon response being well captured by the pre-meal 
trajectory.

A consistent finding across both cohorts concerns the 
fusion design. Pure Personal-kNN was highly unstable 
when history was short, with NRMSE@60 of 0.364 in 
Shanghai and 0.491 in HUPA-UCM at n = 1, far worse than 
the population model, whereas the fused estimate remained 
stable and improved on it. The standalone Global-kNN 
comparator never beat the population model, matching 
the CGMacros result. Together these external cohorts 
support the direction and mechanism of NFP under frozen 

hyperparameters, while showing that the magnitude of 
benefit is smaller when the meal representation is coarser 
and treatment effects are unobserved.

3.8. Comparison with personalization baselines

To place NFP against conventional per-subject adaptation, 
we evaluated three inference-time baselines that wrap 
the same frozen population predictions under the 
identical few-shot protocol. The first, subject-specific bias 
calibration, subtracts the mean residual over the personal 
history. Linear recalibration instead fits a slope and 
intercept of the true target on the population prediction 
across the available history. A third baseline, an empirical-
Bayes random-intercept (mixed-effect) model, shrinks 
each per-subject bias toward the population by a factor 
estimated on the training folds. Table 11 reports the 
resulting ΔNRMSE@60.

Naive calibration is unstable when history is 
short, giving a negative mean gain at n ≤ 3, and linear 
recalibration diverges (mean −0.648 at n = 3) because a 
two-parameter fit on three to five points is ill-conditioned. 
The mixed-effects model, which pools the per-subject 
offset toward the population, is the strongest baseline 
and is positive throughout. NFP still exceeds it at every 
checkpoint, significantly so in the few-shot regime (one-
sided Wilcoxon on per-subject gains, p = 0.032, 0.004, and 
0.006 at n = 1, 3, and 5), and the two converge only at n 
= 10 (p = 0.13). The advantage is largest where history is 
scarcest, consistent with NFP conditioning on the specific 
meal rather than applying one per-subject offset.

Table 10. External-cohort validation of NRMSE@60 and NFP gains at 60 and 120 min, averaged across five base-model 
architectures

Personal-history meals (n) Population NFP ΔNFP@60 ΔNFP@120

Shanghai T2DM (type 2 diabetes, 100 patients, 3,013 meals)

0 0.238 0.234 +0.004 −

1 0.240 0.232 +0.008 −

3 0.240 0.230 +0.010 −

5 0.240 0.233 +0.007 +0.024

10 0.236 0.223 +0.013 +0.028

HUPA-UCM (type 1 diabetes + insulin, 21 subjects, 845 meals)

0 0.325 0.337 −0.012 −

1 0.321 0.323 −0.002 −

3 0.320 0.308 +0.012 −

5 0.317 0.305 +0.012 +0.024

10 0.313 0.286 +0.027 +0.036

Note: Population models were retrained separately for each cohort, whereas the NFP hyperparameters were kept fixed. Abbreviations: NFP: Neighbor 
Fusion Personalization; NRMSE: Normalized root mean square error.
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Table 11. NFP versus per-subject calibration and mixed-
effects baselines, mean ΔNRMSE@60 across five architectures 
(higher is better)

Personal-history 
meals (n) Calibration Linear Mixed-effect NFP

1 −0.027 −0.027 +0.004 +0.012

3 −0.005 −0.648 +0.018 +0.024

5 +0.017 −0.023 +0.026 +0.032

10 +0.025 +0.012 +0.029 +0.034

Abbreviations: NFP: Neighbor Fusion Personalization; NRMSE: 
Normalized root mean square error.

3.9. Sensitivity analyses

Three further analyses probe design choices raised in 
review: the form of the weighting schedule, robustness 
to noisy meal entries, and recency weighting of personal 
neighbors.

3.9.1. Weighting schedule 

Table 12 compares the adaptive schedule w(n) = n/(n + 
λ) with alternatives at matched checkpoints. Changing λ 
within {3, 5, 10} moves the mean gain by at most 0.004, 
confirming the stability noted earlier. A constant weight of 
0.5 matches the schedule except at the smallest history (n = 
1: +0.006 versus +0.012), where the schedule’s early caution 
is exactly what helps. Switching abruptly to Personal-kNN 
as soon as any history exists is far worse (−0.050 at n = 
1), which is the direct justification for a gradual handover. 
An uncertainty-gated variant, which down-weights the 
personal estimate when its neighbors disagree, does not 
improve on the fixed schedule and is worse from n = 3 
onward. The simple parametric schedule is therefore at 
least as good as the alternatives without added tuning.

3.9.2. Robustness to noisy meals 

Because macronutrient entries are often estimated 
imprecisely in practice, we added Gaussian noise to 
the carbohydrate, protein, and fat values seen by the 
personalization layer at n = 5. NFP retained 96 to 100% 
of its gain as the noise grew from 0.1 to a full standard 
deviation of each feature (ΔNRMSE@60 of +0.032, +0.032, 

+0.032, +0.032, and +0.031 at noise levels 0, 0.1, 0.25, 0.5, 
and 1.0), because the pre-meal CGM window dominates 
the personal match and the population and global anchors 
are unaffected.

3.9.3. Recency weighting 

Weighting personal neighbors toward more recent meals 
gave no material benefit on CGMacros and reduced the 
gain at larger history (for example, +0.026 versus +0.043 
at n = 20 under the strongest recency setting), consistent 
with the low temporal drift reported in Section 2.6. Equal 
weighting of past meals is therefore retained, and recency 
weighting is left for deployments where behavioral drift is 
expected.

4. Discussion
4.1. Personalization corrects systematic individual 
bias

The weak performance of the standalone Global-kNN 
comparator is informative. The population models already 
receive the pre-meal CGM window and HbA1c, both of 
which carry strong between-subject metabolic information, 
with individual pre-meal CGM bins correlating up to 
about 0.58 and HbA1c about 0.53 with the 60-min target 
across all meals (Pearson), so similar training meals surface 
little that the model has not already used. This is also why 
classical case-based prediction from matched cases22,23 
adds no gain once a competent parametric model is in 
place. Personal-kNN succeeds for the opposite reason. It 
conditions on the specific meal rather than applying a fixed 
per-subject correction. The per-subject regression slope 
of the 60-min glucose response on carbohydrate amount 
varies widely across individuals, from slightly negative 
(about −0.3) to about 0.72 mg/dL per gram, yet the 
population model applies one subject-agnostic mapping to 
everyone. Drawing outcomes from the subject’s own past 
meals that most resemble the current one captures this 
per-person, per-meal-type response, with no gradient step 
or retraining, unlike meta-learning approaches that fine-
tune for every new subject.11,12

Table 12. Weighting-scheme ablation, mean ΔNRMSE@60 across the five architectures. Schedule is w(n) = n/(n + λ) with λ = 5

Personal-history meals (n) Schedule λ = 3 λ = 10 Constant 0.5 Hard switch Uncertainty

1 +0.012 +0.012 +0.009 +0.006 −0.050 +0.012

3 +0.024 +0.022 +0.021 +0.022 −0.026 +0.016

5 +0.032 +0.031 +0.028 +0.032 +0.005 +0.023

10 +0.034 +0.031 +0.033 +0.033 +0.014 +0.026

Note: Schedule: w(n) = n/(n + λ) with λ = 5.
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This subject-level pattern, shown in Figure 5, suggests 
that personalization acts as a targeted correction rather 
than a uniform lift. Subjects the population model already 
fits well have little systematic bias to remove and gain little, 
whereas the subjects it misreads are the ones NFP helps 
most. That the diagnosis groups fall along a single line 
rather than forming separate regimes suggests the effect is 
governed by the size of the per-subject bias rather than by 
metabolic label, which is consistent with NFP carrying no 
diagnosis information.

4.2. From cold start to individual evidence

The global component earns its place only in the cold-start 
regime (n ≤ 3), after which the schedule in Equation 2 
shifts weight to Personal-kNN. The learning curves make 
this concrete. NFP leads Personal-kNN by about +0.005 
through the first five meals, and the two converge once 
personal history dominates. The pattern echoes the partial-
pooling intuition of Bayesian personalization methods26,29, 
which lean on a population prior when subject data are 
scarce and on individual evidence once they are plentiful. 
NFP reaches the same behavior without committing to any 
mechanistic model of glucose dynamics, and without the 
per-model derivation those methods require, because the 
population prediction enters only as one of three numbers 
being averaged.

The horizon and diagnosis results extend the same 
mechanism along two further axes. In each, the gain scales 
with the fraction of the target that is individual rather than 
population-level. The 30-min target and the healthy group 
sit at the low end, where the response is small and well 
captured by the pre-meal trajectory, so little personal signal 
remains to exploit. The 60- and 120-min targets and the 
prediabetic and diabetic groups sit at the high end, where 
absorption and clearance differ enough between people 
that conditioning on a subject’s own history pays off. NFP 
helps precisely where the individual share of the response 
is largest, which is also where accurate postprandial 
prediction matters most clinically. In absolute terms, 
the mean gain at n = 5 is about 5 mg/dL at the 60-min 
horizon; this is a modest reduction in predictive error 
rather than a demonstrated change in clinical outcome, 
and whether it improves dietary decision support would 
require a prospective study. Across five architectures, three 
horizons, and three metabolic groups, under a single set 
of hyperparameters, the effect holds, which points to a 
property of the personalization problem rather than of any 
one model or cohort.

4.3. Practical deployment

Three properties make NFP straightforward to deploy. It 
is training-free, so a new subject is served from the first 

prediction, including the zero-history condition, with no 
gradient step and no waiting period. It is model-agnostic, 
since the population model enters only through its output, 
so the same layer wraps a linear model, a tree ensemble, 
or a neural network without modification. It requires 
no diagnosis label, which removes a barrier in settings 
where metabolic status is unknown or unconfirmed. 
Each prediction adds two nearest-neighbor searches over 
a cached training index and a short personal history. We 
benchmarked these costs directly (Table 13). On a CPU, 
the NFP layer adds about 0.11 ms per prediction and stores 
under 25 kB per subject, comprising a 20 kB global index 
shared across the cohort and a personal history under 2 
kB. This overhead is a small fraction of a single forward 
pass of the neural and tree-ensemble base models (0.2 to 
15%), comparable to a bare linear model in absolute terms, 
and negligible against the five-minute interval between 
CGM readings. The absence of gradient updates and the 
small retrieval pools therefore make NFP compatible with 
resource-constrained deployment.

Table 13. Computational cost of the NFP layer (CPU, brute-
force nearest-neighbor search over a fold with 1,010 training 
meals)

Quantity Value

Global index (shared across cohort) 20 kB, built in 0.19 ms

Per-query Global-kNN search 71 μs

Per-query Personal-kNN search 39 μs

Total NFP overhead per prediction 0.11 ms

Personal history stored per subject 1.5 kB

Overhead vs. base-model inference 0.2–15% (RF to BiLSTM)

Overhead vs. 5-min CGM interval 0.00004%

Abbreviations: BiLSTM: Bidirectional long short-term memory; CGM: 
Continuous glucose monitor; NFP: Neighbor Fusion Personalization; 
RF: Random forest.

In practice, the layer follows a simple online cycle. 
The pretrained population model and the global retrieval 
index are installed once and shared across users. A new 
subject first receives the blend of the population model and 
Global-kNN, since no personal meals exist yet. After each 
meal, once its postprandial outcome becomes observable, 
the meal is appended to the subject’s local history, and 
later predictions retrieve only from meals that precede 
the query. The architecture permits an implementation 
in which personal records remain on the device while the 
global index stays fixed, keeping the personal data local. 
Several operating conditions shape this cycle. Meal times 
and nutrient values must be available at prediction time, 
and the personal component cannot update until the 
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relevant postprandial outcome has been recorded. Unusual 
meals with no close personal analog may still depend 
mostly on the population prior, and because the current 
rule treats all earlier meals as equally eligible, long-term 
behavioral or metabolic drift could make older neighbors 
less representative.

4.4. External validity across cohorts

The two external cohorts test transfer of the mechanism 
rather than reproduction of the CGMacros effect size, and 
they support three claims. The clearest is that the effect 
direction transfers. Once some personal history is available, 
ΔNRMSE@60 turns positive in both cohorts, immediately 
in Shanghai T2DM and from n = 3 in the harder HUPA-
UCM setting. The fusion design also holds out of sample. 
Pure Personal-kNN is unstable when history is short, 
performing far worse than the population model at n = 1 in 
both cohorts, and it is the shrinkage toward the population 
and global anchors that keeps early personalization safe. 
What differs across cohorts is the magnitude of benefit, 
which tracks feature fidelity. The CGMacros gain of +0.032 
at n = 5 falls to +0.007 in Shanghai and +0.012 in HUPA-
UCM, consistent with those cohorts carrying only coarse 
food-weight proxies or carbohydrate alone rather than the 
measured macronutrients available in CGMacros. This 
marks a boundary on where the gain is large rather than 
a failure of the method. NFP continues to help most at the 
60 and 120-min horizons and for the higher-error base 
models, the same pattern seen within CGMacros, and in 
HUPA-UCM it does so despite insulin-mediated dynamics 
that the meal features do not observe.

4.5. Limitations and validity considerations

Several considerations bound the scope of these results. 
For internal validity, the protocol assigns subjects to folds 
as units, normalizes using training-fold statistics only, 
orders each subject’s meals chronologically, and excludes 
future meals from every prediction, which together guard 
against information leaking from test data into training. 
Hyperparameters were selected on the training folds, 
yet selection within a single cohort of this size may still 
favor dataset-specific settings, and Personal-kNN remains 
sensitive to pk  when history is short, with 1pk =  falling 
well below 5pk = . The weighting schedule was tuned on 
the 60-min target and reused unchanged at 30 and 120 min, 
so the multi-horizon gains are, if anything, conservative.

For construct validity, glucose at 30, 60, and 120 min 
captures clinically interpretable post-meal states but does 
not represent the full excursion. Alternative targets such 
as peak rise, incremental area under the curve, or time 
to peak describe other aspects of the response and may 
show different personalization behavior, which the present 

design does not measure.

For external validity, a substantial limitation arises 
from the data themself, where most of the postprandial 
excursion variance lies within subjects rather than 
between them (Table 4), so much of the meal-to-meal 
spread is meal-specific. The high within-subject variability 
indicates a difficult prediction regime and may reflect both 
unobserved influences, such as physical activity, sleep, 
medication, or stress, and limitations of the recorded 
representation. The plateau beyond n = 15 in Figure 4 may 
therefore arise from limited observable information, from 
saturation of neighbor-based adaptation, or from both. At 
n = 20, five subjects with too few meals drop out, lowering 
statistical power at the largest history sizes. The primary 
results come from a single 45-subject cohort recorded 
under one CGM setting; the two external cohorts extend 
the evidence to type 1 and type 2 diabetes under different 
devices and sampling rates, but they rely on coarser meal 
features and, in HUPA-UCM, on insulin-treated dynamics 
that the features do not capture, so the personalization 
gains there are correspondingly smaller. None of the 
evaluations involves prospective deployment, so the 
findings speak to predictive error rather than to dietary 
decisions or glycemic outcomes, and larger prospective 
studies remain to be done.

5. Conclusion
This study proposed NFP, a training-free, model-agnostic 
method that personalizes any pre-trained population 
glucose model at inference time by fusing two k-NN 
predictors, one drawn from the training population and 
one from the subject’s own accumulating meal history. 
Evaluated on CGMacros across five architectures and 44 
subjects, NFP achieved statistically significant NRMSE 
improvement at every tested checkpoint from three meals 
onward (n = 3, 5, 10, 20), reaching a mean ∆NRMSE of 
+0.032 at n = 5 with no retraining or diagnosis labels.

The component comparisons and breakdown analyses 
indicate where the gain comes from. A standalone full-
feature Global-kNN comparator adds no measurable 
benefit over a strong population model, and the gap 
between NFP and Personal-kNN closes beyond the cold-
start window (n ≤ 5), which indicates that the global anchor 
matters mainly before personal history accumulates, while 
Personal-kNN drives the improvement as that history 
grows. The gain holds across the 30, 60, and 120-min 
horizons and is largest for prediabetic and type 2 diabetic 
subjects (+0.045 and +0.030 at n = 5), the groups whose 
responses carry the most individual structure. NFP also 
exceeded subject-specific calibration and a mixed-effects 
baseline in the few-shot regime, added about 0.11 ms per 

https://doi.org/10.36922/AIH026270074


Artificial Intelligence in HealthArtificial Intelligence in Health Neighbor fusion personalization for glucose

Volume X Issue X (2026)	 18� doi: 10.36922/AIH026270074

prediction, and reproduced the direction of the effect 
on two independent type 1 and type 2 diabetes cohorts 
under frozen hyperparameters, with a magnitude that 
scaled with meal-feature fidelity. Its consistency across five 
architectures, three horizons, three metabolic groups, and 
two external cohorts, under a single set of hyperparameters, 
points to a property of the personalization problem rather 
than of any one model or cohort.

Because it is training-free and model-agnostic, NFP is 
a practical personalization layer for continuous glucose 
monitoring, available from the first prediction and modest 
in added computation. Several directions remain open. 
Richer history representations, such as embeddings 
from CGM foundation models or pretrained time-series 
models42,43, may improve neighbor matching beyond 
the engineered features used here. Weighting neighbors 
by recency could address the long-term behavioral or 
metabolic drift that the current equal-eligibility rule 
ignores. Pairing NFP with explainability, as in recent 
Shapley-based analyses of glucose-monitoring models38, 
could clarify which past meals drive each personalized 
prediction. Prospective evaluation across larger and more 
diverse cohorts would test whether the gains observed here 
translate into improved dietary decisions and glycemic 
outcomes.
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