Supplementary Materials:

Title:

Toward Interpretable Glucose Forecasting for Type 2 Diabetes: A
Comparative Study among Traditional, Deep, and Large Language

Models.

Dataset sample:

Example of patient data matrix (patientID:2000_0_20201230, first3samples):

CGM_tl CGM_f2 CGM_t3 CGM_i4 CGM_t5 CGM_t6 CGM_t7 CGM_t8 CGM_t9 CGM_t10
138.6 120.6 106.2 97.2 88.2 75.6 64.8 594 59.4 68.4
104.4 104.4 97.2 102.6 1152 117.0 104.4 102.6 122.4 131.4
1332 133.2 1422 142.2 138.6 129.6 1152 102.6 97.2 91.8

CGM_tll CGM_tl12 CGM_tl3 CGM_tl4 CGM_tl5 CGM_tl6 CGM_tl7 CGM_tl8 CGM_t19  CGM_t20
72.0 774 81.0 88.2 93.6 86.4 84.6 88.2 90.0 93.6
99.0 102.6 104.4 109.8 109.8 138.6 120.6 106.2 97.2 88.2
75.6 73.8 70.2 68.4 72.0 77.4 81.0 88.2 93.6 86.4

Future30  Future60  Future90 BMI Age Weight Smoking  Duration of diabetes Gender
104.4 102.6 117.0 23.6 57.0 67.4 0.0 25.0 2
1332 142.2 129.6 23.6 57.0 67.4 0.0 25.0 2
55.8 59.4 774 23.6 57.0 67.4 0.0 25.0 2

CGM_t1 CGM_t2 CGM t3

e 138.6
1 1e4.4
133.2

CGM_t1e
68.4
131.4
91.8

Age (years)
57.8
57.8
57.8

Duration of diabetes (years)

120.6
1e4.4
133.2

186.2
97.2
142.2

Future3e
1e4.4
133.2

55.8

Weight (kg)

67.4
67.4
67.4

[3 rows x 38 columns]

97.2
102.6
142.2

Future6®
162.6
142.2

59.4

88.2
115.2 1
138.6 1

FutureSe
117.e
129.6

77 .4

CGM_t6

Sample data for patient 2@ee_6_20201230 ===
CGM_t4 CGM_t5

CGM_t7
64.8
104.4 1
115.2 1

75.6
17.0
29.6

Patient Number
2.000020e+12
2.000020e+12
2.000020e+12

Smoking History (pack year) \

25.0
25.0
25.0

e.e
e.e
e.e

Gender (Female=1, Male=2)

2.0
2]
2.8

59.4
02.6
02.6

59.4
122.4
97.2

BMI (kg/m2)
23.6
23.6
23.6

CGM_t8 CGM_t9 \

\




Results:

1. Models' results:

a) Traditional:

XGBoost_result:

Test_XGBoostd »

Test_XGBoost4

Overview Model metrics

Parameters {3)

Q se

ch parameters
Parameter

batch size

epoths

madel ype

sealer type
transform_gender
use_shuffle
use_timedvec
windew_size

y_shape

System metrics

Value
32
0o
sgboost
standard
True
True
False
1%

5549, 3)

Prampts

Artifacts

Metrics (21)

ok

ch metrics

Metric

W

30 mse

6012

60_rmse

90 mae

90 mape
a0 _mse
0.1z
90_rmse
mean_mae
mean_mape
mean_mse
mean 2

mean rmse

transformed features

Value
[UEEECCREE B EE Y

216.34512302098113
09175002412764123
14, FOBETS094004256
18.92558258012667
0.140324158973317%6
692.7245409777123
0.7429620364310421
263196607 30672656
24.318848035521054
0.184654603871736
1083.6881371057218
0.5928960324236002
32.9194188452002
17.85335050342864
0.13442270508630574
664.2526003681384
0.75112010337 76849
24.649251556625703

23

-

GitHub

Docs




RandomForest_result:

Test RandomFarest3 »

Madels

Test_RandomForest3

Overview Meodel metrics

Parameters (8)

Parameter

batch _size
epachs
model_type
scaler_type
transform gender
use shuiffle
use_time2ves
windaw,_size

y_shape

System metrics  Traces

Value
32
100
randomforest
standard
True
True
False
16

(5548, 3)

Prompts

Artifacts

Metrics (21)
Q) Search metrics

Metric

30_mae

m

30_mse

3002

30 1mse

50_rmse

50 mae

nape

90_rmse
mean_mae

mape

mean 12

mean_rmse

Value
10.56694638668357

Q.07774678703541597
218.7281933928849
0.9165915145044214
14.789460551111834
18.457462708933718
0,13802806967160988
661.0667269884725
0.7535956226726029
25.769492175603162
33629790270893367
0.1801596528386804
1004.6717208025938
0.6225816078420336
31.696556923467156
17.551408122170217
0.1319784628485668/6
629.1355303946537
0.7642562483396859

24.08516938339407

GitHub

Docs




b) Deep learning

LSTM_result:

(mj

M Final Evaluation in Real Glucose Values

30-Min:

13.3801, MAE:

RMSE:
RMSE:
RMSE :

179.0258,
573.1448,

996.7

MSE :

K

o
0
©
©

e

.45%, R2:

12

MAPE :

16.6728,

23.9404, MAE:

: MSE:

90-Min:

31.5711, MAE:

51,

3

MSE:

30-Min Prediction
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Time2vec_result:

Prommpts @ & GitHub

sl Time2ecd »

Test Time2Vec3

Overview  Model metrics  System metrics  Traces  Artifacts

-
Parametars (10} Metrics (21)
Q Search parameters Q Search metrics
Parameter Value Metric Value -
- 30_mae 10.660277057017092
batch size 32
30_mape 0.07785109330221063
epochs 100 "
) 30_mse 232.24281399256404
model_type time2vec
3012 0.9203026892720833
scaler_type standard
. 30 rmse 15.23951488704821
timezves kernel 2
0 mae 17.638116619106665
transform_gender True
60 mape 0.7288028214154335
use_shuffle True hapa
60 mse 657.6001572283456
use_timevec True
602 i
windom size . &0 0.777056854358108
60_rmse 25.52645904313245
y_shape 14427, 3) o
23.153432400748583
90 mape 0.16570954442310654
a0_mse 1081,1714752955281
902 06214323580869277
90 _rmse 32.881172048628963
mean_mae 171506087 2520078
mean_s 0.12545452638025023
mean | 655.00487155054792
mean_r2 0.7729453005757062
mean_rmse 24.54904895962343 v
-

GRU_result:

fiments 7 @ % GitHub Docs

est g result >

Test_gru_result i

Overview Model metrics System metrics Traces Artifacts

Parameters (3) Metrics [21) “
arch metrics
Parameter Value Value =
bateh_size 32 10.289735588342518
epachs - 30_mape 0.07835589397244952
model type au 30_mse 215.2786235732027
scaler type standard 30 0.926124184162955
transfarm_gender True 30 rmse 14.6/2376207458788
use_shufie True 60 mae 17.436510963060883
D Face 50 mape 0130809305903 19415
- 60 mse 611.0687822679886
y.shape a7, 3) 60.12 0.7908242071932314
60 24T19825692508202
90_mas 22.840263435616773
90_mape 0.17080455366301323
1021.152507664539
90_r2 0.642500638297 0904
90_rmse 31.9554T6958502212
mean_mae 16,85550332000732
mean_mape 0.12665991784621897
mean_mse 615.8316378352434
mean_r2 0.7865163432177589
mean_rmse 23.732550619589733 A
v



transformer_result:

X & - 4 Miflow D X Miflow 2 X Mifiow

ab localhost: 3000/#/experiments/ 4532185198229 fruns/&i0ec3dy 1854 109fifar47f49fd 585

ants  Models s - &

Test TransformerZ »

Test_Transformer2 i

Overview Model metrics System mets Traces Artifacts

Parameters (9) Metrics (21) “
) Search parameters Q Search metrics
Parameter value Metric Value =
batch size 32 30 mae 10.61779482502747
epochs 100 30_mape 0.07523849507467675
mocdel type transformer 30_mse 239.59847079452815
scaler type standard 30,12 09177819262715733
transform_gender True 30.1mse 15.4786456382504
use_shuffle True 60_mae 1691264437957 1348
Use_timedvec False 60_mape 0.12134518928821728
windw_size 20 60 mse GOZ09206 70456452
y_shape (4427, 3) 6012 0.7939958068524408
60 imse 24.53756440738561
90 maz 22.554683029877786
90 mape 0.1645278292802762
90_mse 1015.6639745086379
9012 0.6444221408005779
31.860483436488864
mean_mae 16,595040778458035
mean_mape 0.12057050454805675
mean_mse 619,1148374499375
mean 2 0785399951354854
mean rmse 23.061897877375292 =
v
e = w G oA . O AT = B D a walll mew 2

Experiments Models  Prompf

Test_Ense

Test_Ensemble_LSTM_TRANS2 i

le_LSTM_TRANS2 »

Overview Madel metrics System metrics Traces Artifacts

a
Parameters (9) Metrics (21)
Q) search pa .
Parameter value Metric Value -
30_mae 10,608961933180734
batch_size 32
30_mape 0.0814110757593787
epuchs 100
30_mse 208.52493438765767
model_type ensemble
30_r2 0.9280986416170633
scaler type standard
30_rmse 14.474976144459017
transform gender True
60_mae 17.730087368490466
use shuffle True
60_mape 0.13444508676253056
use time2vec False
60_mse 612.5667321597366
window size 20
60 12 0.7804120300207406
¥_shape (4427, 3)
60 rmse 24.75008549878201
90 mae 23.493425249687 267
90 mape 017696707 146357968
1050.5763737679007
90 12 0.6321993093854481
32.412605167564875
mean_mae 17.27749218378509
mean_mape 0.1309410779951633
mean_mse 624.2228301159748
mean_r2 0.7835690036744174
mean_rmse 23.879222270370963 v
v



c) LLMs:

Mini_GPT_result:

CJ & Colab CGM_mini_gpt openAiipynb % &

File Edit View Insert Runtime Tools
Q Commands + Code + Text
DUUI TU LU 1 UWD...
-—— Scored 220 rows..
= . Scored 240 rows..
2T Scored 260 rows..

<>

{x}

Scored 280 rows..
Scored 300 rows..
Scored 320 rows..
Scored 340 rows..
Scored 360 rows..
Scored 380 rows..
Scored 400 rows..
Scored 420 rows..
Scored 440 rows..
Scored 460 rows..
Scored 480 rows..
Scored 500 rows..
Scored 520 rows..
Scored 548 rows..

=== CGM prediction metrics

30 min | MAE 9.56  RMSE
60 min | MAE  18.97 RMSE
90 min | MAE 24.62 RMSE
mean min | MAE 17.71 RMSE

GPT_4.1 result:

Q Commands

<>

{x}

File

b1)

& CGM GPT4lipynb ¥ &

Edit View Insert Runtime Tools

+ Code + Text
DDLU EU ZUU | UWD..
Scored 220 rows..
Scored 240 rows..
Scored 260 rows..
Scored 280 rows..
Scored 300 rows..
Scored 320 rows..
Scored 340 rows..
Scored 360 rows..
Scored 380 rows..
Scored 400 rows..
Scored 420 rows..
Scored 440 rows..
Scored 460 rows..
Scored 480 rows..
Scored 500 rows..
Scored 520 rows..
Scored 540 rows..

=== CGM prediction metrics ===
30 min | MAE 8.51  RMSE
60 min | MAE 14.82 RMSE
90 min | MAE  21.50  RMSE
mean min | MAE  14.94 RMSE

Help

Help
12.57 MAPE 6.25%
22.45 MAPE 10.55%
32.19 MAPE 14.66%
22.40 MAPE 10.49%

14.13 MAPE 6.83%
27.40 MAPE 12.96%
35.50 MAPE 16.30%
25.67 MAPE 12.03%

R2
R2
Rl
R2

Rz
Rz
Rz
R2

0.942
0.803
0.589
0.778

9.930
0.736
0.540
©.735



LLAMA-1B_result:

& New with 10 90 Colab Finetuned Llama 3 2 1B on CGM_prediction.ipynb
File Edit View Insert Runtime Tools Help

Q Commands + Code + Text

= Files O X

Sy === (GM prediction metrics ===
a] Analyzeyourﬁleswith 30 min| MAE  10.22 RMSE  14.95
I 4 Upload 60 min | MAE 17.55 RMSE  26.97

code written by Gemini |
99 min | MAE  23.25 RMSE  34.06
|

mean min MAE 17.81 RMSE  25.33

A Ccer o

W&

MAPE
MAPE
MAPE
MAPE

7.27% R* 0.924
12.18% R? @.733
16.02% R 0.547
11.82% R? @.735

LLAMA-7B_result:

cO & Colab_Finetuned_Llama_7B_CGM_90_10_Splitipynb ¥ &

File Edit View Insert Runtime Tools Help

print(f"[!] Invalid true format at index {i}. Skipping. Text:

evaluation_results = compute_metrics(true_values, predicted values)

Q Commands + Code + Text
o v ° except E;ception as e:
= Files O X o
s = h true_values.append([0.0, 0.0, 0.0])
nalyze your files wit

@ A7 code written by Gemini gels e e e e e s s
<> # Evaluation & Display

cC B © &
{x} ﬁ . print_metrics(evaluation_results)

s ! Bl config

Y

> - _unsloth_sentencepiece_temp

O === CGM prediction metrics ===
i 2
» [ huggingface_tokenizers_cache Time | MAE RARE MAPE R
» B llama.cpp 3em | 11.40 16.93 9.05% ©.827
60m | 14.88 22.67 11.41% ©.608
> - model 9om | 17.04 26.05 11.98% 0.438
meanm | 14.44 21.88 10.81% 0.624

s 800000000 | N e e

» B -omnle dota

{text}")



2. XAl result:

SHAP_30min:

CGM t-0

CGM t-2

CGM t-1

CGM t-3

CGM t-4

CGM t-5

CGM t-6

CGM t-7

CGM t-8

CGM t-19
Smoking pack years
CGM t-10

CGM t-9

CGM t-12

BMI

Age

CGM t-13
Diabetes duration
Weight

CGM t-17

- %

Global feature impact - 30 min

N e SPgusssPee 5 5 »

-1

0

1 2 3
SHAP value (impact on model output)

Which glucose points matter for 30 min?

0.0 2.5 5.0

10.0
Timestep (oldest + newest)

e
=]

<
=Y
Mean |SHAP|

o
[N

15.0 17.5

High

Low

Feature value



SHAP_60min:

CGM t-0

CGM t-2

CGM t-1

CGM t-3

CGM t-4

CGM t-5

CGM t-6

CGM t-7

CGM t-19

CGM t-8
Smoking pack years
CGM t-10

BMI

CGM t-9

CGM t-12

Age

CGM t-17

CGM t-13
Diabetes duration
CGM t-16

Global feature impact - 60 min

Wl e fpdese Faidine Folser ¢+ o 0

) ey et o B

1

0

1 2

SHAP value (impact on model output)

Which glucose points matter for 60 min?

0.0 2.5 5.0

10.0
Timestep (oldest + newest)

10

o o
P L
Mean |SHAP|

15.0 17.5

High

Low

Feature value



SHAP_90min:

CGM t-0

CGM t-2

CGM t-1

CGM t-3

CGM t-4

CGM t-5

CGM t-6

CGM t-19

CGM t-7
Smoking_pack years
CGM t-8

BMI

CGM t-10

CGM t-9

Age

CGM t-12

CGM t-17

CGM t-16
Diabetes _duration
CGM t-18

Global feature impact - 90 min

- PN aAPpasssap Bes Pmee & o 8
L 1 T gyt
1.0 -05 00 05 1.0 15 2.0

SHAP value (impact on model output)

Which glucose points matter for 90 min?

0.0 2.5 5.0

10.0

12.5

Timestep (oldest -+ newest)
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SHAP_Waterfall:

=0.375 = CGM t-2
~0.41 = CGM t-3
0.018 = CGM t-0

~0.125 = CGM t-1
~0.27 = CGM t-4

1.748 = CGM t-10

0.29 = CGM t-7
0.715 = CGM t-8

2.666 = CGM t-12
0.079 = CGM t-6

1.284 = CGM t-15

0.852 = CGM t-16
2.49 = CGM t-13
1.89 = CGM t-14

12 other features

fix) =0.179

+0.11

+0
+0
+0
-0
0.15 0.20 0.25 0.30 0.35 0.40
E[f(X)] = 0.151



3. GPT Interpretability results:

prompt 1:

G rawan < Default project <

[in} CGM =
@ Mada!
S|
Ll Variables
a

Tools
9

w13

gptdd

text formet: text tem: 1.88 tokens: 2048 top_p: 1.80 sb

Create..

Create...

System message

Describe desired mode| behavior (tone, tool usage, response style)

28
® Add messages to prompt
e rawan © Default project =
[in} CGM = w12
(o] Model got-d1 ©
text_format: text temps 1.00 tokens
i)
Al Variables  Create..
s? Tools Create...

)

System message

Describe desired model behavior (tone, tool ut

)

RAR

® Add messages to prompt

2048 top_p: 1.8 store: true

e, response styls)

th

13

®

Playground  Dashboard Docs APl reference @ o

== % Compare 47 Optimze (@ Evaluate

User

‘You are a medical Al that predicts blood glucose. Given the patient characteristics and CGM history of 20
wvalues recorded each 16 min, predict blood glucose values for the next 30, 60, and 80 minutes. Aeturn
predictions in mg/dL. The patient features are: (BMI (kg/m2): 26.4; Age (years): 52.0; Weight (kg): 81.0;
Smoking History (pack year): 0.0; Duration of diabetes (years): 20.0; Gender (Female=1, Male=2); 2.0). The
CGM recoding of past values 2ach 15 min of the patient 20: 113.4, 115.2,120.6, 122.4, 118.8, 109.8, 102.6, 93.6,
86.4, B10,75.6,72.0, 3.8, 77.4, 7.4, 77.4, 86.2, 102.6, 104.4, 97.2

Asslstant

Let's analyze the provided data and give you a blood glucose prediction for the next 30, 60, and 20 minutes.

Patient Characteristics
BMI: 26.4 (overwelght range)
Age: 52 years
Weight: 1.0 kg
Smoking: 0.0 pack-years (non-smoker)
Duration of Diabetes: 20 years (long-term)

Gender: Male

CGM Glucose Values (last 5 hours)

20 sequential readings (most recent last, interval: 15 min):
Collapse ~

Chart with your prompt...

<] = Auto-clear °

Playground  Dashboard  Docs  APlrsfersnce (8] o

w+ 3% Compare 47 Optimize (@ Evaluate ate

CGM Glucose Values (last 5 hours)
20 sequential readings {most recent last, interval: 15 min):

13.4,115.2,120.6, 122.4, 118.8,109.8,102.6, 93.6, 86.4, 810, 72.6, 72.0,73.8, 77.4, 77.4, 77.4, 88.2,102.6,104.4,
972

Recency & Trend:

First & readings: slightly high-normal, then steady drop.
Mid-sequence: steady, low-normal range (72-77)

Last 4 readings: rising trend again.

Recent readings (last 4 values):
BB.2,102.6, 104.4, 97.2 (most recent)

Extrapolation/Prediction Approach
You have a clear nadir (~72), followed by a steady rise back up to 104, then slight drop. No sudden jurmps.
The increase is modest and could slow down. With a long diabetic history and no obesity/smoking factors,

the patient may have some impaired insulin response but no acute insult.

Blood glucose typically does not oscillate wildly unless there is carbohydrate intake/insulin given, which is
not specified.

Collapse ~

Chat with your prompt...

9 < Autg-lear °



orawan 2 / Default project & Playground  Dashboard  Docs  APIrefersnce 5] o

[in} CGM = wiz w+ 3 Compare 47 Optimize (@ Evaluate
2] Morel gpt-41 ¢ = “
e text format: bext bemo: 100 tokens: 2048 tep p: 1.09 store: true Calculation
<= Varables  Creste. + Let's calculate the recent rate of change as a simple linear extrapolation:
=
0 foels Create. * Change from 88.2 - 1026 (A=14.4 in 15 mi
9
System message 102.6 > 104.4 (A=1.8 in 15 min)
104.4 - 97.2 (A= -7.2 in 15 min)
Describe desired model behavior (tone, tool usage, response style)
Average change over last 3 intervals:
(14.4 + 1.8 + [-7.2)) / 3 = 3.0 mg/dL per 15 min
E ion ( ing trend continues):
30 min ahead (2 intervals): 97.2 + 2 x 3.0 =103.2 mg/dL
60 min ahead (4 intervals); 97.2 + 4 x 3.0 = 109.2 mg/dL
90 min ahead (6 intervals): 972 + 6 = 30 = 115.2 mg/dL
Consideration for Smoothing
Since glucose trends usually revert to the mean and the uptick might be due to a recent meal (not
specified), the actual increases may be slightly less. To avoid overshooting, let’s smooth by a factor of 0.75:
3.0 x 0.76 = 2.25 mg/dL per 16 min
Collapse ~
Chat with ye Fe .
o hat with your promp
£
7 Auto-cle:
Add messages to prompt + 9 o Autoreiesr o
@
o rawan C / Default project = Playground  Dashboard  Docs  APlreference (3} o
in] CGM = w1 & w F Compare 47 Optimize (@) Evaluate
)] Moclel gpt-41 2 = ®
= toxt_farmat: text tomp: 1.8 tokens: Y18 top_p: 1.4M store: true a
Since glucose trends usually revert to the mean and the uptick might be due to a recent meal (not
il Variables  Creata. + specified), the actual increases may be slightly less. To avoid overshooting, let's smooth by a factor of 0.75:
2
fosls Grente. + 3.0 % 0.75 = 2.25 mg/dL per 16 min
)
System message £ 3 Adjusted Predictions
30min; 97.2 + 2 = 2.25 = 101.7 mg/dL
Describe desired model behavior (tone, tool usage, response style)
B0 min: 972 + 4 x 2.25 = 106.2 mg/dL
90 min: 97.2 + 6 x 2,25 = M10.7 mg/dL
Predictions
Next 30 minutes: ~181.7 mg/dL
Next 60 minutes: ~186.2 mg/dL
Next 90 minutes: ~118.7 mg/dL
These predictions assume no carbohydrate intake or insulin administration occurs and are based on the
recent trend and patient background.
Collspse ~
Chat with r ...
o hat with your promp
- o o
® Add messages to prompt + g & Auio-clear

14



prompt 1_explanation:

e rawan ¢ / Default project o

0 rawan ©

v
528

@

CGM =

Madel

Mariables

Tocls

w13

apt-41 &

Towt. fOrmIT TeRT temp: 1.B% tokens: 2948 Top_pi 189 Stoec:

Create.

Create...

System message

True

Describe desired model behavior (tone, tool usage, response style)

Add messages 1o prompt

CGM =

Model

Variables

Toals

Default project =

w13

gptd1 T

textformel: Lext Lenp: 109 Lokens: 2048 Lup p: 189 store:

Create...

Create...

System message

Lrue

Describe desired madel behavior (tone, tool usage, response style)

Add messages to prompt

i

4

15

®

Usar

Playground  Dashboard Dacs APl reference @ e

we % Compare 47 Optimize (@ Evaluate

Can you explain how you obtained these results, given that the true glucose values at 30, 60, and 80
minutes are 95.4, 99.0, and 100.8 respectively? Additionally, what had the greatest influence on your
predictions® the glucose readings or the static patient features? and why?

Assistant

Thank you for your follow-up and fer sharing the true future glucose values.

1. Explanation of How the Results Were Obtained

Recent History Focus:

Given the absence of information about food intake, insulin, or other acute interventions, | primarily
leveraged the most recent sequence of CGM (glucose) values—this provides the strongest evidence

for near-future glucose levels.

Trend Analysis:

| calculated the rate of change over the last three 16-minute intervals:

B88.2 2 102.6: +14.4 ma/dL

102.6 - 104.4: +1.8 mg/dL

104.4 - 97.2: -7.2 mg/dL The simple average of these is +3.0 mg/dL per 15 minutes, which | then
applied forward in time for 2, 4, and 6 intervals (30, 60, 90 mins).

Smoothing Adjustment:

Realizing this approach can cver-predict future valuss (especially if the increases are just a short-lived

bump), | introduced a smoothing factor (here: 0.75), resulting in an “adjusted” rate (+2.25 mg/dLAN5
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Realizing this approach can over-predict future values (especially if the increases are just a short-lived
burmp), | introduced a smoothing factor (here: 0.75), resulting in an “adjusted’ rats (+2.25 ma/dLNS

min).

Extrapolation:

Starting from the most recent glucose (87.2 ma/dL), | projected future values by adding this adjusted

trend.

2. Comparison to True Values
Predicted (mine):
30 min: <101.7 mg/dL
B0 min: -106.2 mg/dL

90 min: ~10.7 mg/dL

True Values:
30 min: 95.4
B0 min: 98.0

20 min: 100.8

Observation:
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o rawan = Default projest = Playground Dashboard Docs  APlreference

[in] CGM & w12 w+ % Compare <% Optimize (@ Evaluate
] Made gpt-dl & = IE4
E roat: text temp: 1.00 tokens: 2048 top p: 1.8 true Observation:

My predictions overshot the actual values, mainly because the recent sharp rise was not sustained—it was

apt Jari
I Variables Create.. + either an outlier or a short-term fluctuation, and the broader pattern was a stabilization at a lower value.

Toals Create... +

System message *

. 3. Greatest Influence: Glucose Readings vs. Patient Features

Describe desired model behavior (tone, tool usage, response style)

The greatest influence on my prediction comes from the CGM (recent glucese readings), much mere so
than the patient featuras.

Why?

CGM Data Represents Immediate Physiology:

The glucose values are the most direct, high-resolution indicators of what’s happening metabolically in
real time. They show current trends (rising, falling, stable). Near-term predictions (within 90 minutes)
are almost entirely driven by the moementum and pattern of the mest recent numbers,

Patient Features are Baseline Modifiers:

Age, BMI, duration, gender, and smoking status modify overall risk (likelihood of hypa/hyperglycemia,
response to interventions, baseline insulin resistance), but for shart-term prediction based only on the
|ast few hours, they are much less influential.

Mathematical Reasoning:
If a model is built, such as a regression or neural net, the coefficients for lagged glucose values (recent

CGM data) are alwavs far laraer for short-term forecasting than those for static feat nele
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[in] CGM = w1 % e % Compare 47 Optimize @ Evaluate

= Model gpt-4.1 ¢

B text_farmat: text temp: 1.88 tokens: J048 top_p: 188 stores true

i)

®

LAl O@ta) are aIWay's Tar Iarger Tor SNOrt-1erm TOrecasting tnan tNose 101 STatc Teatures, eXcept unaer
very specific scenarios (e.g., acute illness, major weight loss/gain, or after decades-long changes).

al s r
Variable: Create.. + Your Example's Error Source:

2 ol - . | averestimated the future because | placed too much weight on a brief, steep Increase (recent CGM
oals reate..
) values), while the longer-term average would suggest more stability near the low-normal range.

Systern message 'Y

Describe desired model behavior (tone, tool usage, response slyle]

Summary Table
Greatest Influence
Shart-term BG prediction (30-90 min) Fecent CGM values

Long-term risk (years) Patient features + CGM trends

In practice: For near-term blood glucose predictions with CGM data available, recent glucose readings
always dominate the pradietion, while patient characteristics are more important for langer-term risk
stratification, insulin dosing algorithms, and general diabetes management plans,

If you want the prediction to be more accurata with respect to only stable perleds (ignoring outliers in
recent data), you might use a moving average of the last 4-5 readings, or apply more weight to
established baseline

Is rather than short-term excursions.
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User

YYou are a medical Al that predicts blood glucose. Given the patient characteristics and CGM history of 20
values recorded each 15 min, predict blood glucose values for the next 30, 80, and 30 minutes. Return
predictions in mg/dL. The patient features are: (BMI (kg/m2): 23.6; Age (years): 57.0; Weight (kg): 67.4;
Smoking History (pack year): 0.0; Duration of diabetes (years): 25.0; Gender (Female=1, Male=2): 2.0). The
CGM recoding of past values each 15 min of the patient 20: 153.0, 147.6,145.8, 142.2,142.2, 144.0,149.4,
147.6,133.2, 117.0,104.4, 97.2, 93.6, 90.0, 93.6, 104.4, 108.0, 106.2, 104.4, 108.0

Assistant

Let’s analyze and predict the next blood glucose values.

Patient Characteristics
BMI: 23.6 (Normal)
Age: 57 years
Weight: 67.4 kg
Smoking History: 0
Duration of diabetes: 25 years (long-standing)

Gender: Male
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CGM History (Last 5 hours, 15 min intervals; newest last)

153.0,147.6,145.8, 142.2,142.2, 144.0,149.4, 147.6,133.2, 117.0,
104.4,97.2, 93.6, 90.0, 93.6, 104.4, 108.0, 106.2, 104.4,108.0

Observe the recent 5 values:
93.6,104.4,108.0,106.2,104.4,108.0
Notice:

Early: Downward trend, then stabilization

Later: Mild upward drift, no major spike.

Calculate Recent Trends

Last 4 intervals:
93.6>104.4=+108
104.4>108.0 = +3.6
108.0 > 106.2=-1.8
10621044 =-18
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orawanc Default project © Playground Dashboard Docs  APlreference (82 o

D CGM ¢ wvic »s % Compare 47 Optimize (@ Evaluate
(o] Model gpt-41 ¢ i ©
text.format: text temp: 1.000 tokens: 2648 top_p: 1.80 store: true a

S 106.2 5 104.4 = -1.8
Al Variables  Create... + 104.4 5 108.0 = +3.6
Q

Tools Create. + Let's average the change over last 4 intervals:
o

System message + (+10.8 + 3.6 + (-1.8) + (-1.8) + 3.6) / 5 = 2.88 mg/dL per 15 min

Describe desired model behavior (tone, tool usage, response style) Current value (most recent): 108.0 mg/dL

Prediction

Praject forward using trend per 16 min (cautiously, as the rate of rise is modest):
30 min (2 x 2.88)

=108.0 + 2 x 2.88 = 113.8 mg/dL

60 min (4 x 2.88)

=108.0 + 4 x 2.88 = 119.5 mg/dL

90 min (6 x 2.88)
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(in] CGM & w12 ws % Compare 47 Optimize (@) Evaluate
[e] Model opt-dl & F3 @
‘text.format: text temp: 1.00 tokens: 2048 top_p: 1.60 store: true al
<] =108.0 + 6 x 2.88 = 125.3 mg/dL
ke Variables Create... +
)
Tools Create... +
Q .
System message " Predicted Glucose (mg/dL)
i . . 30 minutes: 113.8
Describe desired model behavior (tone, tool usage, response style)
60 minutes: 119.5
90 minutes: 125.3
Reasoning
The recent values show a gentle rise after a significant drop.
No evidence of sharp spikes or abrupt change.
The prediction is almost entirely driven by the immediate CGM values and their short-term trend, as
longer-term patient characteristics mainly affect baseline, not short-term direction.
If you want a more re ast (expecting tt ), '
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@ rovan  / Defauit project ¢ Playground Dashboard Docs  APlreference &) G

D CGM = vi¢ e % Compare 47 Optimize (@ Evaluate (RIS
(] Model gpt-41 ¢ = “
Text.format: text temp: 1.00 tokens: 2048 top p: 1.08 store: true
5]
W Variables  Greate + Predicted Glucose (mg/dL)
(=]
tad Tools Create.. + 30 minutes: 113.8
9 60 minutes: 119.5
System message *
90 minutes: 125.3
Describe desired model behavior (tone, tool usage, response style)
Reasoning
The recent values show a gentle rise after a significant drop.
No evidence of sharp spikes or abrupt change.
The prediction is almost entirely driven by the immediate CGM values and their short-term trend, as
longer-term patient characteristics mainly affect baseline, not short-term direction.
If you want a more conservative forecast (expecting the rise to slow), you could use a smaller slope, but
based on the current pattern, the provided numbers are the most likely based on historical data.
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prompt 2_explanation:

0 rawan ¢ / Default project = Playground  Dashboard  Docs  APlrefersnce (8 0
1n] CGM = w1 ¢ #r % Compare 47 Optimize (@ Evaluate
[c] Model gpt-41 & = @
@ text.format: text temp: 1.00 tokens: 2042 top p: 1.08 store: true User
" Can you explain how you obtained these results, given that the true glucose values at 30, 60, and 20
ala
Variables Create.. + minutes are120.6, 129.6 and 135.0 respectively? Additionally, what had the greatest influence on your
Q predictions? the glucose readings or the static patient features? and why?
Toals Create... +
o Assistant
Syster message * :
How were the results obtained?
Describe desired model behavior (tone, tool usage, response style)
Step-by-step process:
1. Review the CGM trend:
I examined the most recent values from your CGM series, particularly focusing on the last 5-6 points.
This section went from a low (around 90) and rose toward 108 mg/dL at the present, showing a modest
but consistent upward trend.
2. Calculate average rate of change:
To project the next values, | computed the average increase per 15 minutes over these recent readings:
93.6 - 104.4: +10.8
104.4 - 108.0: +3.6
108.0 2 106.2:
106.2»104.4:-1.8
104.4 - 108.0: +3.6
Averaged over these five intervals: +2.88 mg/dL per 15 minutes
Collapse A
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@
0 rawan < / Default project < Playground  Dashboard Docs APl reference @,‘ o
D CGM < w12 ws % Compare 47 Optimize (@ Evaluate
()] Model gpt-41 ¢ = ©
& text.format: text temp: 1.80 tokens: 2048 top_p: 1.08 store: true 3. Linear extrapolation: o
al Variables Create... + | added this average rate to the most recent value (108.0 mg/dL), projecting forward for 2, 4, and 6
intervals (30, 60, and 90 minutes).
[=]
- Tools Create + 4 Predictions:
o . 2
System message @+ 30 min: 108.0 + 2 2.88 = 113.8
60 min: 108.0 + 4 x 2.88 =119.5
Describe desired model behavior (tone, tool usage, response style) 90 min: 108.0 + 6 x 2.88 = 125.3
Comparison with True Values
Your provided true future values:
30 min: 120.6
60 min: 129.6
90 min: 135.0
My predictions are too low.
This happened because the underlying trend in the last few points under-represented the true, more
significant rise that followed. The most recent CGM readings suggested only a gentle increase, so a simple
linear projection under-shot the stronger upcoming rise.
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CGM : w1z

Model gpt-4.1 &

text_format: text temp: 1.60 tokens: 2048 top_p: 1.80 store: true
Variables Create.
Tools Create...

System message

Describe desired model behavior (tone, tool usage, response style)
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What influences the predictions most: Recent CGM vs. Static Patient Features?

The CGM data (recent glucose readings) had by far the greatest influence—much more than static
patient features.
Why?

Short-term forecasting (30-90 minutes):

Short-term trends in glucose are best predicted by the immediate trajectory revealed in recent
CGM values. The “momentum® of glucose—whether it's rising, falling, or stable—reflected in the

recent points is the best predictor unless interrupted by a meal or insulin (not specified here).
Patient characteristics:

Features like BMI, age, diabetes duration, etc. influence baseline risks (how high/low glucose
ranges are likely to be over months/years), how aggressive therapy might need to be, and risk of
variability.

For predicting the next few points, this “stati

information doesr’t move the trend—it only shapes
the context or may slightly modulate the rate if many similar patients are used in a model. For
example, someone with very long diabetes might have slower correction, but this adjustment is
small compared to the effect of recent glucose direction.

Mathematical reality:

If you train forecasting models, coefficients for recent glucose values (lags) are much larger than
those for static patient traits for “next several values” prediction.
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those for static patient traits for “next several values” prediction. i

Why did my model underpredict future glucose?
* Recent CGM values under-represented the upcoming rise.

* If there was a meal, stress, or less insulin recently, the model couldn’t know: With only past glucose
readings, the model can’t see future inflection points if they aren’t reflected yet in the past data.

* Forecasts for 90 min are less certain than for 30 min—unforeseen inflections or ongoing (perhaps
delayed) glucose absorption from a meal can make future values higher.

In summary:

* The series of recent CGM glucose readings had the greatest influence on the prediction, because
blood glucose dynamics change hour-to-hour based primarily on recent direction, not baseline
patient features.

* Patient features are more important for defining general risk and setting long-term management, not
for near-term point estimates if recent CGM is available.
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Prompt 3:

e rawan o Default project © Playground Dashboard Docs APl reference @ e
(1n] CGM = vig we 3 Compare £ Optimize (@ Evaluate
(] Model gpt-41 ¢ 2 ©
text.formal: text Lemp: 1.08 Lokens: 2048 lop p: 1.80 slore: Lrue
& User
la Variables Create... + You are a medical Al that predicts blood glucose. Given the patient characteristics and CGM history of 20
@ values recorded each 15 min, predict blood glucose values for the next 30, 60, and 90 minutes. Return
- Tools Create.. + predictions in mg/dL. The patient features are: (BMI (kg/m2): 34.1; Age (years): 42.0; Weight (kg): 84.1;
9 Smoking History (pack year): 0.0; Duration of diabetes (years): 7.0; Gender (Female=1, Male=2): 1.0). The
System message + CGM recoding of past values each 15 min of the patient 20: 127.8, 126.0, 120.6, 117.0, 129.6, 131.4, 126.0, 124.2,
122.4,118.8, 115.2, 118.8, 118.8, 113.4, 120.6, 145.8, 174.6, 190.8, 196.2,190.8
Describe desired model behavior (tone, tool usage, response style)
Assistant
Let's analyze your data and make glucose predictions for the next 30, 60, and 90 minutes.
Patient Characteristics
BMI: 34.1 (Obese)
Age: 42 years
Weight: 84.1kg
‘Smoking History: 0.0 pack-years
Duration of diabetes: 7.0 years (moderate duration)
Gender: Female
Collapse ~
Chat with t.
o at with your promp
28 .
Add messages to prompt + 0 = Autorclear o
0]
@ avan o/ Defautt project © Playground  Dashboard  Docs  APlreference (8 °
(I CGM < wvi e - Compars 47 Optimize (@ Evaluate [RU[s?
(2] Model gpt-41 & = ©
f : .00 5 . -
<) B oI R e 100 felns: 00 op g 108 sreres e Recent CGM History (past 5 hours, every 15 min, newest last)
sl
< Variables - Create * 127.8, 126.2, 120.6, 117.8, 129.6, 131.4, 126.e, 124.2, 122.4, 118.8, 115.2, 118.8, 118.8, 113.4,
@ 120.6, 145.8, 174.6, 199.8, 196.2, 190.8
Tools Create, +
Lo}
. Recent Trend (last 6 values, newest last):
System message +
120.6,145.8, 174.6, 190.8, 196.2, 190.8
Describe desired model behavior (tone, tool usage, response style) There is a clear sharp rise over the past 90 minutes, briefly peaking and plateauing just under 200
mg/dL.
Calculate Recent Rate of Change
15-min intervals:
120.6 - 145.8: +25.2
145.8 > 174.6: +28.8
174.6 - 190.8: +16.2
190.8 »196.2: +5.4
196.2 >190.8: -5.4
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@ rovwan </ Defauit project © Playground  Dashboard  Docs  APlreference (3 o

o CGM ¢ vi¢ s+ J Compare 47 Optimize (@ Evaluate [USE

[©] Madel apt-al ©

text.format: text temp: 1.00 tokens: 2048 top_p: 1.08 store: true

4
[

=] Average recent rise (last four intervals):
(+28.8 +16.2 + 5.4 + (-5.4)) / 4 = 11.25 mg/dL per 15 minutes
Al Variables  Create.. +
@ However, the last value decreased, indicating the peak may be passing, so it's wise to assign less weight to
Tools Create... + the earlier, sharper rises.
Q
.,
System message + Let's also consider a smoothed average over the last three intervals:
(16.2 + 5.4 + (-5.4)) / 3 = 5.4 mg/dL per 15 min
Describe desired model behavior (tone, tool usage, response style)
The last two intervals: +5.4, -5.4—showing a possible start of plateau or slight drop.
Prediction Approach
Given that the peak may be reached or slightly passed, a sustained plateau or slight decline is more likely
than continued sharp rise.
Let’s average the last two changes:
(+5.4 + (-5.4)) / 2 = 0 mg/dL per 15 min.
To accommodate a possible gentle decline or short plateau, let's project stability or a very gentle drop, as
this is common following a postprandial glucose spike.
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o rawan o Default project < Playground Dashboard Docs APl reference o
in] CGM = wvic e« % Compare 47 Optimize (@) Evaluate
] Model gpt-41 & = ©
text format: text temp: 1.0 tokens: 2048 top_p: 1.90 store: trus
S| Predicted Values
e Variables  Create, + 30 min (2 steps):
2 Tosls Create " 190.8 + (2 x 0) = 190.8 mg/dL
(4
S 60 min (4 steps):
System message +
190.8 + (4 x 0) =190.8 mg/dL
Describe desired model behavior (tone, tool usage, response style) 90 min (6 steps):
190.8 + (6 x 0) = 190.8 mg/dL
But, as a realistic adjustment (glucose usually drops a little after a peak), let's model a gentle correction:
Expected decline: about 2 mg/dL per 15 min (conservative estimate after peak)
Adjusted predictions:
30 min: 190.8 - (2 x 2) = 186.8 mg/dL
60 min;: 190.8 - (4 x 2) = 182,8 mg/dL
90 min: 190.8 - (6 x 2) = 178.8 mg/dL
Dradintard r TR
Collapse ~
Chat with t...
. at with your promp
282
~ .
® Add messages to prompt + 0 = Aute-clear °

23



@ van ¢/ Defauit project © Playgound  Dashboard  Docs  APlreference @3 (@)

o CGM = w12 s+ 3 Compare 47 Optimize (@ Evaluate [ISETES
© Model gpt4l o 4 ©
E text.formobl: text Lemp: 1.00 tokens: 2048 Lop p: 1.08 store: Lrue

Predicted Glucose (mg/dL)

Al Variabl Create... +
s e 30 minutes: 186.8
=]
- Tools Create... + 60 minutes: 182.8
) 90 minutes: 178.8
System message *
Describe desired model behavior (tone, tool usage, response style)
Reasoning:
There was a sharp rise to a peak, now possibly correcting downward or plateauing.
Small declines are typical post-peak unless food or insulin alters the trend.
Greatest Influence on these predictions:
Recent CGM trends. The patient’s static features (BMI, age, gender, duration, etc.) help define baseline risk
and the magnitude of changes over time, but for short-term prediction, the most recent CGM values—
especially the sharp recent rise and very recent plateau—determine the next hour’s glycemic trend. Thus,
CGM values outweigh the static characteristics when projecting the next 30-90 minutes.
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prompt 3_explanation:

@ oven ¢/ Default project © Playground  Dashboard  Docs  APlreference @ o
18] CGM: vi¢ es ¥ Compare 4 Optimize (@ Evaluate
[} Model gpt-41 ¢ 2 ©
@ text.format: text temp: 1.00 tokens: 2048 top_p: 1.80 store: true Usir 3
. Can you explain how you obtained these results, given that the true glucose values at 30, 60, and 90
af
Varabies Create. * minutes are178.2, 154.8 and 111.6 respectively? Additionally, what had the greatest influence on your
2 predictionst the glucose readings or the static patient features? and why?
Tools Create... +
9 Assistant
System message ‘> .
Let's break down your questions step by step:
Describe desired model behavior (tone, tool usage, response style)
1. How were the predictions obtained?
a.Trend Analysis
| examined your most recent CGM values (starting from about 120.6 and climbing quickly to a peak at 196.2,
then a dip t0 190.8). | calculated 15-minute interval changes, noticing:
* Asharp rise (as high as +28.8 mg/dL per 15 min)
* The last two intervals: a +5.4, then a -5.4 mg/dL (indicating the rise stopped and plateaued, maybe
ready to fall)
b. Short-Term Forecasting
Rather than projecting the earlier sharp rise forward, | averaged the recent changes, especially the last two
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)

D CGM & vt F Compare 47 Optimize (@) Evaluate [RUSES

© Model gpt-41 &

s @
<] Ferbformets bt hemp s 100 fekenss 008 tonor 100 steres e (near zero), and then added a small expected decline post-peak (a typical pattern in CGM data after a B
spike).
sl Variables  Create... +
=] _— — + | used the classic approach that, after a sharp peak, glucose either gently plateaus or begins a gentle
9 . reate.. fall unless further carbohydrate, exercise, or insulin is introduced.
9
System message * ¢. Caleulation
Describe desired model behavior (tone, tool usage, response style) 30, 60, 90 minutes = 2, 4, 6 intervals ahead
| started with the latest value (190.8 mg/dL).
| subtracted a small amount per interval (about 2 mg/dL per 15 min), predicting a gentle correction
downwards.
Predicted Trajectory:
30 min: 186.8
60 min: 182.8
90 min: 178.8
d. Missing the True Drop
The true pattern (178.2 - 154.8 = 111.6) reveals a much steeper drop than my conservative, gradual
estimate. This suggests a strong glucose-lowering process (like delayed insulin action or sharp endogenous
correction after a glucose surge), which isn't always obvious just from the last few data points
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text.format: text temp: 1.00 tokens: 2048 top p: 1.80 store: true
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System message
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2. Why didn't my prediction match the true values?

| essentially underestimated the speed and magnitude of the drop after the peak. The most recent values
showed only a minor dip, so | assumed a gentle carrection. However, the true trajectory shows a rapid
glucoss fall, which often happens after a significant peak if insulin (endogenaus or exogenous) “kicks in"

after the CGM peak, or if the glucose was from a rapidly absorbed meal.

In short: my method, with the limited data, assumed sluggish correction, but the patient's physiclogy or
treatment induced a swift one.

3. What influenced my predictions the most? Glucose readings vs. patient features?

Most Important: Recent CGM Glucose Readings
Reason:

Short-term forecasts (15-90 min) are overwhelmingly determined by the recent trend shown in CGM
data.

This is because the short-term direction (rising, plateauing, or falling) reflects immediate physiological
processes (recent meal, insulin, activity, stress), and predicting several steps ahead depends almast
entirely on the recent momentum in the data.

Patlent features (BM|, age, gender, etc.) mostly affect the typical glucose profile over days to years—
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Patient features (BMI, age, gender, etc.) mostly affect the typical glucose profile over days to years—
how high glucose tends to go. average insulin sensitivity, baseline risk for complications—but contribute
very little information about glucose direction/change over the next hour, They are background context,

not short-term predictors.

In mat

(and in clinical practice):

Recent data points ("lags”) get the biggest weights for predicting the next point(s).
Static features adjust risk or mean levels but have low or zero weight in immediate forecasting unless
integrated into a complex model with multiple interacting terms.

Example (Your Case):

Ewven with high BMI and significant diabetes duration, the very rapid CGM rise was the dominating
feature, and my forecast (correctly) focused on this, although | misjudged how quickly the glucose
would start falling.

Summary Table
Influence Short-term BG prediction (30-90 min)
CGM trends Dominant factor (most important)
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Summary Table

Influence
CGM trends

Patient static features

In summary:

Playground  Dashboard  Docs

wss % Compare 47 Optimize

Short-term BG prediction (30-90 min)
Dominant factor (most impertant)

Minimal influence

APlreference €83 o

@ Evaluate USRS

| obtained results by extrapolating recent CGM trends, applying a gentle decline after an apparent

peak.

| missed the true sharp drop, as the recent history didn't fully reveal it yet—a common limitation in
short-term, point-to-point CGM forecasting.

Recent CGM readings influenced the predictions far more than static features, because these readings
directly reflect the physiclogical momentum guiding near-term gluccse changes.
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User
You are a medical Al that predicts blood glucose. Given the patient characteristics and CGM history of 20
+ values recorded each 15 min, predict blood glucose values for the next 30, 60, and 90 minutes. Return
predictions in mg/dL. The patient features are: (BMI (ka/m2): 22.9; Age (years): 55.0; Weight (kg): 63.0;
+ Smoking History (pack year): 0.0; Duration of diabetes (years): 4.0; Gender (Female=1, Male=2): 2.0). The
" CGM recoding of past values each 15 min of the patient 20: 226.8, 226.8, 226.8, 228.6, 230.4, 228.6, 226.8,

226.8, 226.8, 223.2,230.4, 228.6, 219.8, 219.6, 216.0, 205.2,199.8, 201.6,196.2,190.8

Assistant

Let's analyze your data and predict the next three blood glucose values:

Patient Characteristics

BMI: 22.9 (normal)

Age: 55

Weight: 63 kg

Smoking: 0

Diabetes duration: 4 years
Gender: Male
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= ©
CGM Data (15-min intervals, newest last)
+
226.8, 226.8, 226.8, 228.6, 230.4, 228.6, 226.8, 226.8, 226.8, 223.2,
+ 2304, 228.6, 219.6, 219.6, 216.0, 205.2, 199.8, 201.6,196.2,190.8
*

Trend Analysis

First 10 readings: Fairly flat, 226.8-230.4 mg/dL
Next 10 readings: Slight dip, small bump, then clear downward trend:
230.4,228.6, 219.6, 219.6, 216.0, 205.2,199.8, 201.6, 196.2, 190.8

Recent 5 readings:

216.0, 205.2,199.8, 201.6, 196.2,190.8

Trend: Gradual decrease, with a minor uptick between 199.8 and 201.6, then resuming the decline.

Recent Changes (per 15 min)

216.0 - 205.2: -10.8
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o) Model gpt-41 &
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Al Variables Create...
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Recent Changes (per 15 min)
* 216.0 - 205.2: -10.8
205.2-199.8:-5.4
* 199.8 - 201.6: +1.8 (small uptick)
© 201.6>196.2: -5.4
* 196.2190.8:-5.4
Average recent rate:
(10.8-5.4 +1.8-5.4 - 5.4)/ 5 = -5.04 mg/dL per 15 min
Prediction Calculation
Starting point (current): 190.8 mg/dL
* 30 min (2 x -5.04): 190.8 + 2 x (-5.04) = 190.8 - 10.08 = 180.7 mg/dL
+ 60 min (4 x -5.04): 190.8 + 4 x (-5.04) = 190.8 - 20.16 = 170.6 mg/dL
* 90 min (6 x -5.04): 190.8 + 6 x (-5.04) = 190.8 - 30.24 = 160.6 mg/dL
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Predicted Glucose (mg/dL):

30 min: 180.7
60 min: 170.6

90 min: 160.6

Explanation

The recent downward momentum dominates the prediction, though the fall slowed slightly, and a brief

uptick is noted.

Extrapolating the trend, short-term CGM patterns are the strongest predictor; static patient features

like BMI or age are far less impactful at this time scale.

Would you like a rationale for these predictions or a comparison to actual values?
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e rawan & / Default project & Playground  Dashboard  Docs ~ APlreference (@2 o
(1n] CGM ¢ w12 J¢ Compare 47 Optimize (@ Evaluate [EILGE
[e) Model gpt-41 ¢ =z 4
@ text Format: text temp: 1.00 tokens: D048 top p: 1.09 store: true User
Can you explain how you obtained these results, given that the true glucose values at 30, 60, and 90

L Variables  Create... + minutes are185.4, 171.0 and 172.8 respectively? Additionally, what had the greatest influence on your
=] predictions® the glucose readings or the static patient features? and why?

Tools Create. +
g’ Assistant & 2 X

System message +

Absolutely, here's a detailed explanation:

Describe desired model behavior (tone, tool usage, response style)

How the Results Were Obtained
1. Analyzing the Recent CGM Trend

| focused on the most recent 5 readings (covering the past 75 minutes), because short-term future glucose

is most strongly influenced by the immediate momentum shown in CGM data:

216.0 - 205.2 (change: -10.8)
205.2 - 199.8 (change: -5.4)
199.8 -» 201.6 (change: +1.8)
201.6 » 196.2 (change: -5.4)

196.2 - 190.8 (change: -6.4)
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(i CGM : w12 «+ % Compare 4 Optimize (@ Evaluate
(] Model gpt-4d & F @
text.format: text temp: 1.80 tokens: 2048 top_p: 1.80 store: true . .
[N 2. Estimating the Average Rate of Change
il Variables  Create. +
| calculated the average change per 15 min over the last 5 intervals:
=)
- Tools Create... +
0 (10.8-5.4 +1.8-5.4 - 5.4) / 5 = -5.04 mg/dL per 15 min
o
System message > B N
3. Linear Extrapolation
Describe desired model behavior (10!’\5, tool usage, response style) . .
With the last measurement 190.8 mg/dL, | projected forward:
30 minutes (2 intervals): 190.8 + 2 x (-5.04) = 180.7 mg/dL
60 minutes (4 intervals): 190.8 + 4 x (-5.04) = 170.6 mg/dL
90 minutes (6 Intervals): 190.8 + 6 x (-5.04) = 160.6 mg/dL
4. Recap
| assumed the downward trend would continue at roughly the same slope. This is a straightforward
“"momentum-based" projection, which is generally effective for short-term glucose forecasting when no new
disruptions (food, insulin, exercise) are reported.
Comparison with True Values
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o CGM = w1z % Compare 47 Optimize @ Evaluate
(e} Model gpt-d1 ¢ Fid @z
text.format: text temp: 1.08 tokens: 2048 top_p: 1.89 store: true . .
<] Comparison with True Values
s
M| Varables  Create + Time Ahead Prediction True Value
@ .
~ Tools Create... + 30 min 1807 1854
9 60 min 708 710
Sysiem messgs he 90 min 160.6 1728
Describe desired model behavior (tone, tool usage, response style) 30 and 60 minutes: My predictions closely matched the observed values, showing that linear short-
term projections can often be quite accurate.
90 minutes: | underpredicted the value (160.6 vs 172.8). The actual glucose leveled off and then slightly
increased, whereas my model continued to project a decrease. This discrepancy likely results from
either physiologic counterregulation or a hidden variable (e.q., small snack, changes in activity,
hormonal response) that wasn't captured in the visible CGM history.
What Had the Greatest Influence: Recent Glucose vs. Static Features?
The most significant influence was from the recent CGM glucose readings.
Why?
Short-term dynamics depend almost entirely on momentum—if glucose is falling, it tends to keep
Jless interrunted: if it is risir -
Collapse A
s Chat with your prompt...
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o rawan < Default project < Playground Dashboard Docs API reference 0
(In] CGM ¢ w1 ¢ = I Compare 47 Optimize (&) Evaluate
(o] Mode! gpt-41 ¢ 2 4
E] text.format: text temp: 1.00 tokens: 2048 top_p: 1.80 store: true al
Why?
w Varlsbles - Create.. + Short-term dynamics depend almast entirely on momentum—if glucose is falling, it tends to keep
@ falling unless interrupted; if it is rising, same.
Tools Create.. +
o Static patient features (BMI, age, etc.) shape long-term averages and informative context (risk of
System message S hypoglycemia, insulin sensitivity ranges, etc.), but have little effect on hour-to-hour or minute-to-
minute fluctuations unless used in complex integrated physiologic models, and even then their impact
Describe desired model behavior {tane, tool usage, response style) on short-term predictions is usually tiny compared to the recent trend.
When using established diabetes data science technigues and machine learning, lagged CGM values
are nearly always the highest: variables for the next 1-6 readings.
In summary:
Recent CGM trends dominated these predictions (most recent =5 readings, covering the past 75
minutes).
Static features (BMI, age, duration, etc.) have some background influence, but for 30/60/90 minute
forecasts, they are mostly negligible given real-time CGM data.
If you would like to see a different approach (like using a moving average, or emphasizing older trends),
let me know!
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Prompt 5:

@ roven =/ Default project © Playground  Dashboard  Docs  APlreference  £8] o
D CGM ¢ vi & s+ % Compare 47 Optimize (@ Evaluate @
(&) Model gpt-dl ¢ 2 @

text.format: text temp: 1.8@ tokens: 2048 top p: 1.80 store: true

B User
al Variables Create. + You are a medical Al that predicts blood glucose. Given the patient characteristics and CGM history of 20
values recorded each 15 min, predict blood glucose values for the next 30, 60, and 90 minutes. Return
Q R — . predictions in mg/dL. The patient features are: (BMI (kg/m2): 24.3; Age (years): 69.0: Weight (kg): 60.0;
0 Smoking History (pack year): 0.0; Duration of diabetes (years): 8.0; Gender (Female=1, Male=2): 2.0). The
<
System message + CGM recoding of past values each 15 min of the patient 20: 259.2, 244.8, 235.8, 219.6, 199.8, 180.0, 167.4,

158.4,153.0,158.4,178.2,192 .8, 208.8, 223.2, 230.4, 230.4, 232.2, 244 8,257 4,264 6

Describe desired model behavior (tone, tool usage, response style)
Assistant

Let’s analyze the CGM trend and predict your next glucose values.

Patient Characteristics

BMI: 24.3 (normal)

Age: 69

Weight: 60 kg

Smoking History: O

Duration of diabetes: 8 years

Gender: Male
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(in] CGM = vi ¢ < % Compare 47 Optimize (@ Evaluate
(2] Model gpt-41 & 2 ©
text format: ext Lemp: 1.08 Lokens: 2618 Lop p: 1.80 store: Lrue . -
<] CGM Data (every 15 min, most recent last):
il Variables  Create.. +
259.2, 244.8, 235.8, 219.6, 199.8,180.0, 167.4, 158.4,153.0,158.4,
2 178.2,192.6, 208.8, 223.2, 230.4, 230.4, 232.2, 244.8, 257.4, 264.6
Tools Create... +
9
System message >
Describe desired model behavior (tone, tool usage, response style)
Trend Analysis
Initial values: Rapid decrease from 259.2 - 153.0 (over about 2-3 hours).
Then: A sharp rebound: 153.0 > 264.6 in about 2.5 hours.
Recent values (last 5 readings): 230.4, 230.4, 232.2, 244.8, 257.4, 264.6 (steady and then another
sharp rise),
Recent changes (per 15 min, most recent first):
2322 244.8: 4126
244.8 - 257.4: 412.6
2574 5 264.6:47.2
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O CGM: i w9 Compate 4 Optimize @ Evaluate
) Model apt-41 & = ©
text. format: text temp: 1.0 tokens: 2048 top p: 160 store: true o
5] Let's use the last 3 rates, most relevant for short-term direction:
Average = (12.6 +12.6 + 7.2) / 3 = 10.8 mg/dL per 15 min
Al Variables ~ Create.. +
=
Tools Create... +
9
System message k3 L.
Predictions
Describe desired model behavior (tone, tool usage, response style)
Starting point: 264.6 mg/dL
Add average recent rise for each interval (15 min):
30 min (2 intervals): 264.6 + (2 x 10.8) = 264.6 + 21.6 = 286.2 mg/dL
60 min (4 intervals): 264.6 + (4 x 10.8) = 264.6 + 43.2 = 307.8 mg/dL
90 min (6 intervals): 264.6 + (6 x 10.8) = 264.6 + 64.8 = 329.4 mg/dL
Blood Glucose Predictions (mg/dL)
Next 30 minutes: 286.2
Next 60 minutes: 307.8
Next 90 minutes: 329.4
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D CGM & viz s« % Compare 47 Optimize (@ Evaluate U
[&] Model gpt-41 i ©
text.fomats text temp: 1.00 tokens: 2842 Lop p: 1.80 store: Lrue a
5]
Al Variabl inti
arisbles - Create * Blood Glucose Predictions (mg/dL)
2
Tools Crente... + Next 30 minutes: 286.2
o '
System message + Next 60 minutes: 307.8
Next 20 minutes: 329.4
Describe desired model behavior (tone, tool usage, response style)
Notes:
The predictions reflect the strong recent upward trend.
If a meal or other hyperglycemic factor (missed insulin, steroid medication, etc.) was present, this rapid
rise would be expected to continue short-term.
These near-term projections are dominated by the latest CGM trajectory, not static patient features.
Let me know if you need an explanation of this method or a comparison once you have true values!
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Can you explain how you obtained these results, given that the true glucose values at 30, 60, and 90
minutes are250.2, 223.2 and 181.8 respectively? Additionally, what had the greatest influence on your

predictions? the glucose readings or the static patient features? and why?

Assistant

Certainly! Here’s a detailed breakdown addressing both your method and the underlying influence of the

input data.

1. How Were the Results Obtained?
Step 1: Recent CGM Trend Analysis

| examined the last several CGM readings:

Recent readings: 230.4, 230.4, 232.2, 244.8, 257 .4, 264.6 (oldest to newest)

Recent changes (last three intervals, all peris min):
2322 2448=+126
2448 2574 = +12.6
2574 5 264.6=+7.2
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| took the average of the most recent three intervals, which were strongly positive: (12.6 +12.6 +7.2) / 3

=10.8 mg/dL per 15 min

Step 3: Linear Extrapolation

* Using the most recent glucose reading (264.6 mg/dL), | projected forward at the average rate above:

30 min (2intervals): 264.6 + 2 x 10.8 = 286.2
* 60 min (4 intervals): 264.6 + 4 x 10.8 = 307.8
90 min (6 intervals): 264.6 + 6 x 10.8 = 329.4

Step 4: Assumptions and Pitfalls

The approach assumes that the most recent, strong upward trend would continue unchanged.

2. Comparison to Actual Outcomes

* True values were:
30 min: 250.2
60 min: 223.2
90 min: 181.8

My predictions overestimated glucose for all intervals.
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‘Why? Shortly after the last recorded measure, the glucose curve reversed direction and started
dropping rapidly. My projection used the |atest “momentum” but missed the fact that it was a short-
lived spike (possibly due to a meal or a correction bolus about to take effect).

3. Main Influence: Glucose Readings vs. Patient Features

The greatest influence was the recent glucose readings.

Why?

a. How CGM Influences Forecasts:
Blood glucose in the short term (30-90 minutes) is best predicted by its current trajectory—whether
it’s rising, falling, or stable in those final few measurements.
That's why forecasting tools, including Al and manual clinical prediction, overwhelmingly rely on short-
term rate or direction (the last few 15-min CGM points).
My model used the average rate of change from the most recent intervals.

b. Role of Static Patient Features:
Static features (BMI, age, etc.) define:

Overall risk level (risk for highs/lows)
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b. Role of Static Patient Features: y
Static features (BM), age, etc.) define:
Overall risk level (risk for highs/lows)
Typical insulin sensitivity or metabolic health
They do NOT drive rapid changes in glucose in the same way recent CGM values do.

In short-term prediction, static features are minor contextual factors—influencing only by setting the
background, not the short-term movement.

4. Why the Predictions Missed the Mark

The recent readings showed a strong upswing, but in reality there was an imminent drop (perhaps due
to delayed insulin onset/action, or end of a meal glucose spike).
Short-term extrapolation can fail when there’s an impending reversal not yet visible in the data.

You'd need additional info (e.g., insulin just administered, or meal just completed) to anticipate such a
change.

Summary Table
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(1n] CGM : vi2 s+ % Compare 4y Optimize (@ Evaluate
[e] Model gpt-d1 ¢ 3z (4

text.format: text temp: 1.00 fokens: 2048 top_p: 1.00 store: true - . w .
[S]

* Short-term extrapolation can fail when there’s an impending reversal not yet visible in the data.

Al Variabl 5 e fe st . o
atisbles Crnate. i * You'd need additional info (e.g., insulin just administered, or meal just completed) to anticipate such a
2Q change.
- Tools Create... + o
9
System message *
Describe desired model behavior (tone, tool usage, response style)
Summary Table
Factor Influence Why?
Recent CGM values Strongest Best reflect short-term direction
Static patient features Minor Influence baseline, not momentum
In short:
The CGM trend (recent ) over thep because short-term glucose
changes are determined by recent values, whereas static features are mostly relevant for overall
management and not for predicting direction within a 1-hour window. My overprediction happened because
the model does not "see” future inflection points—only current momentum.
If you'd like more on mitigating such pitfalls, or how other info (like meal/insulin timing) could improve
prediction, just ask!
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