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Self-monitoring records of blood glucose and insulin dose form irregular time series
whose physiological regime is not observed. This study fits a Markov-switching vector
autoregression, MS-VAR(1), with regime-specific intercepts, autoregressive matrices and
covariances to raw event logs of the public UCI AIM’94 data and asks what regime switch-
ing adds to out-of-sample prediction. Each patient is modelled separately by expectation–
maximisation with exact forward–backward smoothing, without any regime label; 20 of 70
patients (2189 glucose-recording days) met a priori recording criteria. Models were com-
pared by one-step-ahead predictive log-likelihood per day on the final 20% of each series
against a single-regime VAR(1), a Gaussian hidden Markov model (HMM), a single-pass
switching model and a static Gaussian, using paired Wilcoxon tests with Holm correction
and BIC. A feature set containing both levels and first differences is degenerate for a first-
order autoregression: two features are exact linear functions of the lagged state, and the
smallest residual-covariance eigenvalue equalled the regularisation floor in all 20 patients.
In that specification the advantage over the HMM was reproduced, but a single-regime
VAR(1) did equally well. After removing the redundant features, MS-VAR(3) was not
better than the single-regime VAR(1) (median paired difference −0.31 nats/day, 95% CI
[−1.11, 0.89]), BIC selected at most two regimes in 17 of 20 patients, and the advantage
over the HMM (+2.33 nats/day) did not survive Holm correction (𝑝 = 0.069). The fitted
regimes were persistent (mean dwell time 10.2 days) and ordered in mean glucose (137,
160, 194 mg/dL), but day-level labels were noise-sensitive (ARI 0.78 at noise SD 0.05).
Regime switching is thus supported as a descriptive segmentation, not as a predictive
improvement.
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1 Introduction
Diabetes is managed day to day through self-monitoring records: blood-glucose mea-

surements and insulin doses collected as irregular time series in routine outpatient care.
These records are unevenly sampled, mix electronic and paper logging, and carry no label
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of the patient’s physiological regime. Recovering a regime from them is a latent-variable
problem, not a supervised classification task.

Three levels of temporal modelling are common. Static clustering groups similar days
but treats each day independently. A hidden Markov model (HMM) [1] adds persistence
of a discrete regime but treats, given the regime, each day as unrelated to the previous one.
A Markov-switching autoregression [2, 3] also lets the day-to-day dynamics depend on the
regime, and a switching state-space model [4] adds a continuous latent state. Whether the
added structure pays off on real self-monitoring data is empirical and cannot be settled
by classification accuracy, since no ground-truth regime exists. The question of this paper
is therefore: what does regime switching add to out-of-sample prediction of daily glucose–
insulin records, beyond persistence alone and beyond a single-regime autoregression?

Related work. Physiological modelling and control in diabetes are reviewed in [5];
the minimal model [6] describes continuous glucose–insulin states, and staged 𝛽-cell dys-
function [7] motivates discrete regimes only in general terms, since neither insulin sen-
sitivity nor 𝛽-cell mass is identifiable from the data used here. Kalman-type filters [8]
have been applied to glucose dynamics from continuous monitoring [9] or simulation [10],
a setting different from sparse daily records. Switching models are estimated by EM [11],
with filtering and smoothing recursions in [12]. Evaluations of such models are mostly
analytical or simulated with known regimes; here the raw AIM’94 event logs [13] are used
and evaluation rests on held-out likelihood, information criteria and stability analyses.

Contribution. The paper proposes no new estimator but a designed evaluation:
(i) a reproducible pipeline from raw event logs to daily features with every exclusion doc-
umented; (ii) baselines that isolate persistence, autoregression, regime-specific dynamics
and iterative refinement; (iii) diagnosis of a degenerate feature specification (levels to-
gether with first differences) that creates a spurious autoregressive advantage, with the
corrected analysis; (iv) a descriptive, non-clinical characterisation of the regimes.

2 Data and cohort
The AIM’94 data [13] are 70 tab-separated files (1988–1991), each row holding a

date, a time, an event code and a value, recorded by an electronic device or on paper
(with fixed logical times). Codes 33–35 are regular, NPH and UltraLente insulin; codes
48 and 57–64 are glucose measurements; codes 65–72 are non-numeric events not used.
Lines without exactly four fields or a valid date were excluded and counted. Exclusions
reported explicitly: seven lines dated 06-31-1991 in data-20 (non-existent date); 3 and
30 corrupted line pairs in data-27 and data-29; seven out-of-range meter readings (“0Hi”,
“0Lo”) in data-02, dropped from daily means and not replaced by numbers; and code 56,
absent from the code table, present in 24 files (11 times in data-50), excluded from both
series. No non-numeric value was treated as zero, and glucose values were not screened
for plausibility beyond numeric parsing.

Recording span is the inclusive number of calendar days between a patient’s first and
last valid record of any kind; a glucose-recording day has at least one valid glucose reading.
Criteria fixed a priori were span ⩾ 60 days and ⩾ 40 glucose-recording days. They retain
20 patients with 2189 glucose-recording days (58–166 per patient, median 119; Table 1);
patient 70 qualifies because its last three days contain only insulin entries. Training
segments contain 44–131 one-step transitions per patient and held-out segments 12–33.

Glucose readings on a date are averaged to a daily mean 𝐺𝑡 (daily minimum and
maximum are kept for the descriptive analysis) and doses are summed to 𝐼𝑡; a day without
logged dose has 𝐼𝑡 = 0, meaning no logged dose, not no insulin. The index 𝑡 counts glucose-
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Table 1 Cohort: 20 of 70 AIM’94 patients (original file numbers).

Patient Glucose days Span Patient Glucose days Span

68 166 288 29 159 232
55 149 149 30 148 152
65 137 137 01 136 136
20 134 135 56 125 126
28 122 171 27 119 272
67 119 120 54 103 103
02 96 96 31 85 88
26 79 199 42 66 66
21 64 65 41 63 63
50 61 61 70 58 61

recording days, not calendar days; no missing day is imputed. The main feature vector
is

𝑦𝑡 =
[︀
𝐺𝑡, 𝐼𝑡, 𝐺̄𝑡, 𝐼𝑡

]︀T
, (1)

where 𝐺̄𝑡, 𝐼𝑡 are trailing means over the min(𝑡, 7) latest recorded days (strictly causal).
Each component is standardised per patient (training segment only in held-out evalua-
tion); constant features are dropped (patient 50 has no logged insulin). Two other spec-
ifications are analysed: a six-feature one adding ∆𝐺𝑡 = 𝐺𝑡 − 𝐺𝑡−1 and ∆𝐼𝑡 = 𝐼𝑡 − 𝐼𝑡−1,
and a two-feature one (𝐺𝑡, 𝐼𝑡).

3 Model and estimation

3.1 From switching state-space model to MS-VAR
A general switching state-space model couples a regime 𝑠𝑡 ∈ {1, . . . ,𝑀} with a contin-

uous state 𝑥𝑡: 𝑥𝑡+1 = 𝑓𝑠𝑡(𝑥𝑡) +𝑤𝑡, 𝑦𝑡 = ℎ𝑠𝑡(𝑥𝑡) + 𝑣𝑡 [4]. Fitting it needs known regimes or
an informative prior on ℎ; AIM’94 has no independent measurement of 𝛽-cell function or
insulin sensitivity, so 𝑥𝑡 ̸= 𝑦𝑡 is unidentifiable. With the identity operator the continuous
state disappears and a Markov-switching vector autoregression (MS-VAR) remains [2, 3];
the model is therefore called MS-VAR(1) and is not claimed to be a state-space model
with a physiological latent state:

𝑦𝑡 = 𝑐𝑠𝑡 + 𝐴𝑠𝑡𝑦𝑡−1 + 𝑤𝑡, 𝑤𝑡 ∼ 𝒩 (0, 𝑄𝑠𝑡), 𝑃 (𝑠𝑡 = 𝑗 | 𝑠𝑡−1 = 𝑖) = 𝑝𝑖𝑗. (2)

The intercept 𝑐𝑗 gives each regime its own mean level; without it every regime would
share the patient-level mean, contradicting the aim of identifying glycaemic regimes. The
number of free parameters is κ =𝑀 [𝑑2 + 𝑑+ 𝑑(𝑑+ 1)/2] +𝑀(𝑀 − 1) + (𝑀 − 1), i.e. 98
for 𝑑 = 4, 𝑀 = 3, against 44–131 training transitions per patient (median 93).

3.2 Why levels and first differences cannot be combined
If 𝑦𝑡 contains 𝐺𝑡 and ∆𝐺𝑡, then 𝐺𝑡−∆𝐺𝑡 = 𝐺𝑡−1 is exactly the first coordinate of 𝑦𝑡−1,

and likewise for insulin. In a VAR(1) this combination is predicted without error in every
regime, so the unregularised residual covariance is singular in two directions and the like-
lihood is unbounded. With covariance floor 𝜀, each such direction adds up to −1

2
ln(2𝜋𝜀)

nats per step (1.38 at 𝜀 = 10−2; 2.77 for both), an amount set by the regularisation
constant, not by the data. An i.i.d.-emission HMM cannot exploit this identity and is
penalised relative to any autoregressive model, whatever the regime structure. The main
specification therefore uses levels and moving averages only. The moving averages are not
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exactly redundant, but they are autocorrelated by construction (consecutive values share
six of seven observations); this matters for interpretation (Section 3).

3.3 Expectation–maximisation

Each patient’s model is fitted by EM [11] (Algorithm 1). The first observed step uses
the initial distribution 𝜈 in place of a predicted distribution. Initialisation uses K-means
(𝑘 = 𝑀 , ten starts [14]); K-means plays no further role. A regime with total smoothed
weight below 3𝑑 (2𝑑 for the HMM) keeps its previous parameters, and Gaussian log-
densities use Cholesky factorisation with jitter only on failure. Because the ridge on 𝐴𝑗

and the floor on 𝑄𝑗 do not correspond to the exact maximiser of a penalised objective,
monotone increase of the likelihood is not guaranteed; it was checked rather than assumed:
70% of MS-VAR(3) fits increased monotonically, with a largest one-iteration decrease of
0.034 nats. The procedure is regularised maximum likelihood and is not Bayesian. Regime
labels are exchangeable: within-fit metrics do not depend on labelling, regimes are ranked
post hoc by mean glucose within each patient for description, and the adjusted Rand
index (ARI) [15] is permutation-invariant.

Algorithm 1 MS-VAR(1) estimation by EM

Require: standardised sequence {𝑦𝑡}𝑇𝑡=2, 𝑀 , 𝜆 = 𝜀 = 10−2, tolerance 10−5, at most 100
iterations.

Ensure: Θ* = {𝑃, 𝜈, {𝑐𝑗, 𝐴𝑗, 𝑄𝑗}}, smoothed 𝛾𝑡(𝑗), labels 𝑠𝑡 = argmax
𝑗
𝛾𝑡(𝑗).

1: Initialise labels by K-means; obtain 𝜈, 𝑃 (rows floored at 10−6), and 𝑐𝑗, 𝐴𝑗, 𝑄𝑗 by
hard-weighted least squares.

2: repeat
3: E-step: scaled forward–backward in log space with 𝐿𝑡(𝑗) = 𝒩 (𝑦𝑡; 𝑐𝑗 +𝐴𝑗𝑦𝑡−1, 𝑄𝑗);

obtain filtered 𝛼𝑡(𝑗), smoothed 𝛾𝑡(𝑗) = 𝑃 (𝑠𝑡 = 𝑗 | 𝑦2:𝑇 ), 𝜉𝑡(𝑖, 𝑗) = 𝑃 (𝑠𝑡−1 = 𝑖, 𝑠𝑡 =
= 𝑗 | 𝑦2:𝑇 ).

4: M-step: 𝑝𝑖𝑗 =
∑︀

𝑡 𝜉𝑡(𝑖, 𝑗)
⧸︀∑︀

𝑡

∑︀
𝑗′ 𝜉𝑡(𝑖, 𝑗

′); with 𝑧𝑡 = [𝑦𝑡−1; 1],

[𝐴𝑗 𝑐𝑗] =
(︁∑︁

𝑡

𝛾𝑡(𝑗) 𝑦𝑡𝑧
T
𝑡

)︁(︁∑︁
𝑡

𝛾𝑡(𝑗) 𝑧𝑡𝑧
T
𝑡 + diag(𝜆I, 0)

)︁−1

, (3)

𝑄𝑗 =

∑︀
𝑡 𝛾𝑡(𝑗) 𝑟𝑡𝑟

T
𝑡∑︀

𝑡 𝛾𝑡(𝑗)
+ 𝜀I, 𝑟𝑡 = 𝑦𝑡 − 𝑐𝑗 − 𝐴𝑗𝑦𝑡−1. (4)

5: until relative change of the log-likelihood < 10−5 or 100 iterations

4 Evaluation design
Models (per patient, same observations, 𝑀 = 3 unless stated; each baseline isolates

one component): static Gaussian (𝑀 = 1, i.i.d.); Gaussian HMM (persistence without
autoregression); single-regime VAR(1) (autoregression without regimes, the key baseline);
single-pass switching model (K-means partition taken as final, VAR(1) fitted once with
hard weights, isolating iterative refinement); and MS-VAR(3). For internal validity, K-
means, PCA (two components) + K-means and a shallow autoencoder (tanh, hidden
layers 3–2–3) + K-means are added; the single-pass model shares K-means’ partition and
indices.
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Held-out likelihood. Each series is split in temporal order at 80% (at least 10
training observations); standardisation, K-means and EM use the training part only. On
the held-out part the filter continues from the final filtered state, the first prediction uses
the last training observation as 𝑦𝑡−1, and the score is

∑︀
𝑡 log

∑︀
𝑗 𝛼𝑡|𝑡−1(𝑗)𝐿𝑡(𝑗) divided by

the number of held-out steps, since segments differ in length and sums are not comparable
between patients. HMM and static models use the density of 𝑦𝑡 without conditioning on
𝑦𝑡−1.

Statistics. The unit of analysis is the patient (𝑁 = 20). Paired comparisons use
the two-sided Wilcoxon signed-rank test, the matched-pairs rank-biserial 𝑟, the median
difference and a bootstrap 95% CI (5000 resamples). Holm’s correction [16] is applied
within declared families: the four comparisons of MS-VAR(3) with the HMM, single-
pass, VAR(1) and static baselines (primary family, and likewise within each sensitivity
configuration), the three decomposition contrasts, and the four silhouette comparisons;
raw and adjusted 𝑝 are reported. The number of regimes is compared by held-out like-
lihood and by training-segment BIC [17]. Stability is assessed over ten seeds (0, 1, 2, 3,
4, 7, 21, 42, 50, 100) and over additive Gaussian noise (SD 0–0.30, five draws), with ARI
against the unperturbed fit as a within-model reference, not a ground truth. Internal
validity uses the silhouette [18], Calinski–Harabasz [19] and Davies–Bouldin [20] indices.
Regimes are compared descriptively with two operational thresholds (daily minimum < 70
and maximum > 180 mg/dL).

5 Results
5.1 Diagnosis of the six-feature specification

For the single-regime VAR(1) fitted to training segments, the smallest eigenvalue of
the residual covariance with six features was within 50% of the regularisation floor in 20
of 20 patients (median 0.0100) and the second smallest in 19 of 20; with four features
the counts were 2 and 0 (medians 0.035 and 0.103). The covariance of the six-feature
model is thus controlled by the regularisation constant, as predicted in Section 2. In
this specification autoregressive models reach a far higher held-out likelihood than the
HMM and static model (Table 2), including positive total values, and MS-VAR(3) beats
the HMM in 19 of 20 patients (median +7.12 nats/day, Holm 𝑝 = 0.003). But MS-
VAR(3) is indistinguishable from the single-regime VAR(1) (+0.06, Holm 𝑝 = 0.46) and
the single-pass model (Table 3). The advantage over the HMM is therefore a consequence
of autoregression on features with an exact lagged identity, not of regime switching, and
this specification is not used further for conclusions.

Table 2 Held-out log-likelihood per day (median [IQR] over 20 patients; mean ± SD for the
main specification only). Six-feature: levels, moving averages, first differences, no intercept;
main: 𝐺, 𝐼, 𝐺̄, 𝐼 with intercepts.

Model Six-feature Main Main, mean ± SD Params

Static Gaussian (𝑀=1) −8.38 [−12.25, −6.54] −6.29 [−8.74, −4.69] −14.5± 26.0 14
Gaussian HMM (𝑀=3) −9.30 [−13.23, −6.40] −6.70 [−9.39, −4.56] −15.6± 29.1 50
Single-regime VAR(1) −1.21 [−3.28, −0.41] −3.31 [−4.81, −2.56] −18.6± 59.8 30
Single-pass switching (𝑀=3) −0.80 [−3.32, 0.10] −4.09 [−5.51, −2.59] −20.1± 60.3 98
MS-VAR(3), EM −1.23 [−2.62, 0.21] −3.30 [−6.02, −2.52] −21.6± 61.8 98

5.2 Held-out prediction in the main specification
MS-VAR(3) attains a median held-out log-likelihood of −3.30 nats/day, equal to the

single-regime VAR(1) (−3.31) and higher than the HMM (−6.70) and static Gaussian
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(−6.29) (Table 2, Fig. 1). The paired tests (Table 3) show no difference from the single-
regime VAR(1) (−0.31 nats/day, 95% CI [−1.11, 0.89]; MS-VAR better in 9 of 20 patients)
or from the single-pass model, and the nominal advantages over the HMM (raw 𝑝 = 0.017)
and the static Gaussian (raw 𝑝 = 0.036) are not significant after Holm correction (Holm
𝑝 = 0.069 and 0.11). MS-VAR(3) has 98 free parameters; its mean training log-likelihood
(−0.48 per step) far exceeds its held-out median (−3.30), which indicates over-fitting.
The means in Table 2 are dominated by patients 21 and 31, whose held-out segments
lie far outside the training range (for patient 31 the training SD of the insulin dose is
0.73 units and held-out doses are up to 56 training SDs below the mean); this affects all
models. Individual values are shown in Fig. 1.

Figure 1 Held-out log-likelihood per day, main specification. (a) Individual patients (values
below −12 drawn at the lower edge). (b) Per-patient paired differences of MS-VAR(3) from the
single-regime VAR(1) and from the HMM (clipped at ±6).

Table 3 Median paired difference in held-out log-likelihood per day, MS-VAR(3) minus compara-
tor (nats/day; positive favours MS-VAR). Main columns: 95% CI, Wilcoxon 𝑝, Holm 𝑝, patients
where MS-VAR is better; other columns: difference (Holm 𝑝) in the six-feature, two-feature and
𝜆 = 𝜀 = 10−3, 10−1 configurations.

Main specification Six-feat. Two-feat. 10−3 10−1

Comparator Diff. [95% CI] 𝑝 Holm 𝑝 Wins

vs Gaussian HMM +2.33 [0.68, 3.33] 0.017 0.069 16/20 +7.12 (0.003) −0.02 (1.00) +2.11 (0.077) +1.80 (0.003)
vs single-pass switching +0.03 [−0.61, 0.51] 1.00 1.00 12/20 +0.08 (0.73) +0.04 (1.00) +0.01 (0.84) +0.11 (0.40)
vs single-regime VAR(1) −0.31 [−1.11, 0.89] 0.67 1.00 9/20 +0.06 (0.46) +0.20 (1.00) −0.82 (0.66) +0.18 (0.84)
vs static Gaussian +3.17 [1.20, 3.67] 0.036 0.11 15/20 +7.63 (0.003) +0.04 (1.00) +2.68 (0.19) +2.95 (0.003)

5.3 Sensitivity and the source of the predictive gain

No configuration shows a significant difference between MS-VAR(3) and the single-
regime VAR(1) or the single-pass model (Table 3). The advantage over the HMM and
static baselines appears only when moving-average features are present and is significant
after correction only for the strongest regularisation (+1.80 nats/day, Holm 𝑝 = 0.0028);
with the two raw features it is absent. A decomposition (exploratory, outside the primary
family) explains the pattern. With the main features, persistence alone (HMM vs static)
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gives no gain (−0.02, 𝑝 = 0.78), whereas autoregression gives a large one (VAR(1) vs
static +2.97, Holm 𝑝 = 0.0021). With two raw features the autoregressive gain disappears
(+0.02, 𝑝 = 0.31) and only a weak, non-significant gain from persistence remains (+0.77,
Holm 𝑝 = 0.21). The autoregressive gain in the main specification therefore stems from
the autocorrelated 7-day averages, not from day-to-day dynamics of glucose or insulin.

5.4 Number of regimes

Table 4 Number of regimes 𝑀 (𝑀 = 1 is the single-regime VAR(1)): parameters and training
log-likelihood per step (main specification), held-out log-likelihood per day (median [IQR]), and
number of patients for whom 𝑀 is best by BIC / by held-out likelihood.

Main Two features
𝑀 Params Train LL Held-out LL BIC/held-out Held-out LL BIC/held-out

1 30 −2.32 −3.31 [−4.81, −2.56] 9/5 −2.99 [−4.79, −2.46] 6/5
2 63 −0.98 −3.02 [−6.84, −2.08] 8/3 −2.79 [−6.32, −1.98] 8/7
3 98 −0.48 −3.30 [−6.02, −2.52] 3/4 −3.10 [−4.16, −2.23] 5/2
4 135 −0.41 −2.99 [−5.61, −2.19] 0/8 −3.64 [−4.49, −2.18] 1/6

Training likelihood grows steadily with𝑀 , whereas held-out likelihood is flat (Table 4).
BIC selects 𝑀 ⩽ 2 in 17 of 20 patients and 𝑀 = 3 in only 3; with two raw features the
numbers are 14 and 5. The held-out criterion does not favour a consistent 𝑀 . 𝑀 = 3
is thus not supported over 𝑀 = 1 or 2 by either criterion; it was kept, as fixed a priori,
for the descriptive analyses below, which are descriptive segmentations under an assumed
𝑀 .

5.5 Internal validity and temporal stability

Table 5 Internal validity and temporal stability, main specification, full-series fits (mean ± SD
over 20 patients).

Method Silhouette Calinski–Harabasz Davies–Bouldin Dwell (days) Transitions

K-means (= single-pass) 0.349± 0.071 63.3± 24.9 1.04± 0.22 4.7± 3.1 28.1± 14.1
PCA + K-means 0.430± 0.061 105.6± 43.7 0.78± 0.15 3.3± 0.9 32.8± 11.7
Autoencoder + K-means 0.535± 0.058 155.3± 51.4 0.65± 0.13 3.7± 1.3 30.8± 12.6
Gaussian HMM 0.309± 0.105 40.1± 18.3 1.35± 0.36 12.7± 8.0 10.9± 9.0
MS-VAR(3), EM 0.233± 0.153 33.9± 21.3 1.65± 0.92 10.2± 8.8 17.7± 16.3

MS-VAR(3) has the lowest silhouette and the highest Davies–Bouldin index (Table 5),
i.e. its regimes overlap strongly in feature space. Its silhouette is significantly lower than
that of K-means (Holm 𝑝 = 0.0004), PCA + K-means (0.00003) and the autoencoder
+ K-means (0.00002), and not different from the HMM (Holm 𝑝 = 0.053). Regimes are
more persistent than K-means clusters (dwell 10.2 vs 4.7 days, 𝑝 = 0.003) and shorter than
HMM regimes (12.7 days, 𝑝 = 0.030), whose long dwell reflects one state occupying most
of the record in several patients. Lower silhouette is partly a consequence of temporal
smoothing, but without a predictive benefit it cannot be justified by one.

5.6 Stability across seeds and noise
Across ten seeds the median within-patient SD of the training log-likelihood per step

was 0.0035 nats, so the attained likelihood is stable; the partitions are less so (mean
pairwise ARI 0.88, median 0.97, minimum 0.37 across patients), indicating near-equivalent
local optima in some patients. Agreement with the unperturbed labels falls quickly under
noise (Table 6); day-level labels are therefore not precise or reproducible, and only patient-
and cohort-level patterns are supported.
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Table 6 Sensitivity of MS-VAR(3) labels to additive Gaussian noise (standardised units; mean
over 20 patients; ARI against the unperturbed fit of the same model).

Noise SD 0.00 0.05 0.10 0.15 0.20 0.30

ARI 1.00 0.78 0.61 0.53 0.41 0.36
Transitions 17.7 18.6 20.4 21.8 24.3 23.7

Figure 2 Daily mean glucose (top) and insulin dose (bottom) for patient 20 (133 modelled days),
coloured by MS-VAR(3) regime ranked by mean glucose; dotted lines: 70 and 180 mg/dL. The
patient was chosen for illustration before the analysis was repeated. The regime sequence is
fragmented at the day level, in line with the noise sensitivity; numbering is a post hoc rank, not
a disease stage.

5.7 Descriptive glycaemic profile

Regimes of each patient’s MS-VAR(3) full-series fit were ranked by mean glucose (all
20 patients populate three regimes; Table 7, Fig. 2). Mean glucose increases from rank 1
to 3 by construction; the share of days with maximum above 180 mg/dL increases and the
share with minimum below 70 mg/dL decreases. This association is largely mechanical,
since the daily minimum, maximum and mean come from the same readings, so it is a
plausibility check, not independent validation. The hypoglycaemic-range share is highest
in the lowest-glucose regime, compatible with more intensive dosing, but this reading is
post hoc. Mean insulin dose has a large between-patient spread.

Table 7 Descriptive profile of MS-VAR(3) regimes ranked by mean glucose (mean ± SD over
patients). Thresholds are operational values, not a diagnosis.

Regime Days Glucose (mg/dL) % days min < 70 % days max > 180 Insulin dose

lowest 29.1 136.8± 28.3 40.7± 23.1 49.5± 29.5 61.8± 98.3
middle 54.0 159.5± 36.8 31.4± 26.9 60.4± 29.1 35.3± 18.4
highest 24.4 193.5± 52.3 17.7± 20.1 82.0± 29.6 52.8± 75.9
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6 Discussion and limitations
On this data set a switching autoregression does not predict held-out days better

than a single-regime VAR(1): the paired difference is close to zero with a confidence
interval containing both signs, BIC selects one or two regimes in most patients, and
the full model over-fits. The advantage over an i.i.d.-emission HMM in the six-feature
specification is not a property of regime switching: a one-regime VAR(1) reproduces it,
it arises from an exact lagged identity, and it disappears when the redundant features
are removed. In the main specification autoregression helps against i.i.d. models only
through autocorrelated moving averages; with raw features it adds nothing. Daily glucose
and insulin thus carry little predictable day-to-day structure beyond slowly varying levels,
and short series limit what can be estimated. The fitted regimes are persistent, ordered
by glucose and populated by all patients, so they are a usable descriptive segmentation
of a patient’s record; they are not shown to be physiological states.

Four design choices proved decisive: a single-regime baseline with the same dynamics;
screening features for exact linear relations to the lagged state; normalising held-out like-
lihood per observation; and multiplicity corrections within declared families. Because the
observation operator was the identity, the study does not test whether a continuous la-
tent physiological state would help; that needs data such as continuous glucose monitoring
with meal and exercise annotations.

Limitations. The cohort is small (20 of 70) and selected by recording length; the
data are a single historical sample without demographic or diagnostic metadata, and
no diabetes type is claimed. Held-out evaluation uses one temporal split with 12–33
transitions per patient. The main feature set was chosen from the identity diagnostic
rather than from the held-out comparison, and results for all three sets are reported. 𝜆,
𝜀 and 𝑀 = 3 were fixed a priori; EM with ridge is not guaranteed monotone. Logged
insulin is not total exposure and plausibility of glucose values was not screened. The
glycaemic profile is post hoc and partly mechanical, with no clinical validation. All
models were implemented from scratch (NumPy/SciPy) and checked by likelihood and
valid-probability tests, but not against an independent library.

7 Conclusion
A Markov-switching vector autoregression was fitted to real, unlabelled self-monitoring

records from the AIM’94 data under a documented pipeline, and its out-of-sample value
was assessed against baselines isolating persistence, autoregression and regime-specific dy-
namics. The result is negative for prediction: regime switching did not improve held-out
prediction over a single-regime VAR(1), model selection did not support three regimes,
and an apparent advantage over an HMM in a six-feature specification was traced to an
exact linear identity among features. The regimes remain useful as a patient-level de-
scriptive segmentation ordered by glucose, but day-level labels are noise-sensitive and not
validated as physiological states. Further work should use denser continuous-monitoring
data, rolling-origin evaluation, model-selected regime counts and clinician-assigned labels.
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МАРКОВСКАЯ ПЕРЕКЛЮЧАЮЩАЯСЯ ВЕКТОРНАЯ
АВТОРЕГРЕССИЯ ДЛЯ СКРЫТЫХ ГЛИКЕМИЧЕСКИХ
РЕЖИМОВ В РЕАЛЬНЫХ ДАННЫХ САМОКОНТРОЛЯ

ДИАБЕТА: ОЦЕНКА НА ОТЛОЖЕННОЙ ВЫБОРКЕ
1Исомиддинов А.И., 1*Акбарова А.А., 2Акбаров Б.Х.

*akbarovaaa1991@gmail.com
1Наманганский государственный технический университет, 160115, Узбекистан,

г. Наманган, ул. Косонсой, 12;
2Международный университет Кимё в Ташкенте, 100121, Узбекистан, г. Ташкент,

ул. Усмана Насыра, 156

Записи самоконтроля глюкозы и доз инсулина образуют нерегулярные времен-
ные ряды, физиологический режим которых не наблюдается. В работе к необра-
ботанным журналам событий открытого набора UCI AIM’94 применяется марков-
ская переключающаяся векторная авторегрессия MS-VAR(1) со своими для каждого
режима свободными членами, матрицами авторегрессии и ковариациями, и иссле-
дуется, что переключение режимов добавляет к прогнозу на отложенной выборке.
Модель оценивается для каждого пациента отдельно EM-алгоритмом с точным сгла-
живанием «вперёд–назад» без использования меток режимов; по априорным крите-
риям отобраны 20 пациентов из 70 (2189 дней с измерениями глюкозы). Модели
сравнивались по прогностическому логарифмическому правдоподобию на один шаг
вперёд в расчёте на день на последних 20 % ряда с однорежимной VAR(1), гауссов-
ской скрытой марковской моделью (СММ), однопроходной переключающейся моде-
лью и статической гауссовской моделью с помощью парных критериев Уилкоксона
с поправкой Холма и BIC. Набор признаков, содержащий одновременно уровни и
первые разности, вырожден для авторегрессии первого порядка: две компоненты
являются точными линейными функциями предыдущего состояния, и наименьшее
собственное значение ковариации остатков совпало с порогом регуляризации у всех
20 пациентов. В этом варианте преимущество над СММ воспроизводится, но од-
норежимная VAR(1) показывает тот же результат. После исключения избыточных
признаков MS-VAR(3) не лучше однорежимной VAR(1) (медиана парной разности
−0,31 нат/день, 95 %-й ДИ [−1,11; 0,89]), BIC выбирает не более двух режимов у 17
из 20 пациентов, а преимущество над СММ (+2,33 нат/день) не сохраняется после
поправки Холма (𝑝 = 0,069). Выделенные режимы устойчивы во времени (среднее
время пребывания 10,2 дня) и упорядочены по средней глюкозе (137, 160, 194 мг/дл),
однако метки отдельных дней чувствительны к шуму (ARI 0,78 при СКО шума 0,05).
Таким образом, переключение режимов оправдано как описательная сегментация,
но не как улучшение прогноза.

Ключевые слова: данные самоконтроля диабета, марковская переключающаяся
векторная авторегрессия, скрытая марковская модель, скрытый режим, оценка на
отложенной выборке, правдоподобие, выбор модели
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