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Materials

For virus experiments in LLSM: All reagents are of commercial, analytical grade purchased from Thermo Fisher Scientific unless otherwise stated in Methods. For Insulin experiments on SDCM all reagents are of commercial, analytical grade purchased from Sigma-Aldrich Denmark, unless otherwise stated in Methods. ATTO655-NHS (ATTO-TEC). Recombinant human insulin (Thermo Fisher Scientific). MilliQ water was used for aqueous preparations. 10 mM HEPES in HBSS buffer1.























Supplementary Figures 
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Fig S1. Comparison of classification accuracy of DeepSPT, LSTM-based model2, and rolling MSD for various number of diffusion types. a, Confusion matrices of DeepSPT predictions per frame on 2D simulated test set trajectories, Data displayed for either 4 diffusional states, or 3 states normal, directed and confined/subdiffusive, or 2 states normal/directed, confined/subdiffusive. b, Confusion matrices of attention BiLSTM2 predictions per frame on 2D simulated test set trajectories. Data for for 4, 3, 2 diffusional states as above c, Confusion matrices of rolling MSD3,4 predictions per frame on 2D simulated test set trajectories (predicts three classes as it bases predictions on the alpha exponent in a MSD fit based on (subdiffusive alpha)<(normal alpha)<(directed alpha)) Data for for 4, 3, 2 diffusional states as above. d, DeepSPT on 3D test set trajectories when combining classes into three and two respectively.
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Fig S2. Confusion matrices for DeepSPT in predicting 2D and 3D homogeneous diffusion when predicting globally. Left, Confusion matrices of DeepSPT predictions on 2D simulated test set trajectories of homogeneous motion, i.e. predicting a single behavior type exhibited by each trajectory (N=4000). Right, Confusion matrices of DeepSPT predictions on 3D simulated test set trajectories of homogeneous motion (N=4000).
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Fig. S3. Temperature scaling for improving reliability of prediction confidence estimates by DeepSPT for improved model interpretability and transparency. a,b, Reliability diagram visualizing model’s uncertainty calibration before and after temperature scaling for DeepSPT in 3D and 2D respectively with left figure showing before and right figure showing after uncertainty calibration by temperature scaling5. Each reliability plot is accompanied by uncertainty calibration measures; Sharpness (higher is better), expected calibration error (ECE, lower is better) and negative log-likelihood loss (NLL, lower is better). During reliability analysis model predictions are sorted by their class confidence scores on the x-axis plotted against their actual group accuracy, where perfect calibration should be a diagonal line i.e a set predictions which a 10% class probability score should be accurate 10% of the time to be a good probability measure. Inspection of the reliability diagrams report DeepSPT to produce quite reliable probability estimates inherently, but being underconfident for low class probabilities but turns to be overconfident for higher class probabilities, while temperature scaling brings the calibration closer to perfect calibration resulting in improved probability estimates.
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Fig S4. Distribution of simulation parameters for training and evaluation of DeepSPT. Histograms showing the distribution of parameters used for stochastic simulation of diffusion. Diffusion coefficients (loguniform), step size to localization error ratio (uniform), localization error (follows diffusion coefficients and localization error ratio) and track durations (uniform) are shared across diffusion types. Active diffusion to passive diffusion ratio (uniform) and directed velocities (follows diffusion coefficients and active-passive ratio) are for simulated directed motion. Subdiffusive alpha values (uniform) are for subdiffusive motion to describe motion persistence while ellipsoid parameters (radii and angles both uniform) are for defining the confinement area of confined motion.
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Fig S5. Examples of Deep-SPT test set predictions on 3D simulated trajectories. (a, b, c, d). In each panel, raw trace on the left, DeepSPT prediction on the right and the temporal evolution of temperature scaled behavior type confidence estimates (conf. vs time point) on the bottom.
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Fig. 6: Examples of directed behavior exhibited by human insulin in HeLa cells. Four panels (a,b,c,d) each showing a unique track from 2D single particle tracking using Spinning Disk Confocal Microscopy identified by DeepSPT to contain directed behavior indicative of active transport processes of human insulin inside HeLa cells.




[image: ]
Fig. S7: Transition likelihoods of human insulin between the four diffusional states.  The transitions found by DeepSPT between diffusional states normalized so transitions from a given state sum to one to reflect the transition probability for a given diffusional state. Inspection of transition probabilities indicate human insulin movement inside cells favors transitions towards subdiffusive behavior. Legend shows the total occupancy per diffusional state clearly showing subdiffusive behavior being favored by human insulin inside cells but does show directed, characteristic of active transport, and free diffusion does occur. The observed directed motion is indicative of human insulin being actively transported inside cells.
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Fig. S8. Investigating DeepSPT’s robustness to various sets of simulation parameters for the homogeneously diffusing test set in 3D and 2D. Investigation of model generalizability and limitations for key simulation parameters for traces containing 1 diffusional types: a, 3D Duration of track.  b, 2D Duration of track. Median accuracy and mean accuracy are track-level metrics providing descriptive statistics for the distribution track-level accuracies for each test set track (N=20000). Flattened accuracy measures the accuracy for all frame-level predictions inside each trajectory pooled together.
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Fig. S9. Investigating DeepSPT’s robustness to various sets of simulation parameters for the heterogeneous diffusing test set in 3D. Investigation of model generalizability and limitations for key simulation parameters for traces containing all 4 diffusional types at random (see Methods for test set elaboration): a, Varying ranges of diffusion coefficients (D) for simulated trajectories (varying D is equivalent to varying temporal resolution for observation of a diffusing particle due to scale invariance of diffusion). b, step length to localization error ratio, i.e ratio of contribution to displacements from actual diffusion and localization error respectively where a value of 1 signifies an equal contribution and >1 signifies actual diffusion being larger. c, Duration of track. Median accuracy and mean accuracy are track-level metrics providing descriptive statistics for the distribution track-level accuracies for each test set track (N=20000). Flattened accuracy measures the accuracy for all frame-level predictions inside each trajectory pooled together.
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Fig. S10.  Investigating DeepSPT’s robustness to various sets of simulation parameters for the heterogeneous diffusing test set in 2D. Investigation of model generalizability and limitations for key simulation parameters for traces containing all 4 diffusional types at random (see Methods for test set elaboration): a, Varying ranges of diffusion coefficients (D) for simulated trajectories (varying D is equivalent to varying temporal resolution for observation of a diffusing particle due to scale invariance of diffusion). b, step length to localization error ratio, i.e ratio of contribution to displacements from actual diffusion and localization error respectively where a value of 1 signifies an equal contribution and >1 signifies actual diffusion being larger. c, Duration of track. Median accuracy and mean accuracy are track-level metrics providing descriptive statistics for the distribution track-level accuracies for each test set track (N=20000). Flattened accuracy measures the accuracy for all frame-level predictions inside each trajectory pooled together.
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Fig. S11. Simulated trajectories along conventional temporal diffusional analysis of diffusional metrics and DeepSPT. Five (a-e) rows showing five heterogeneous diffusing trajectories with columns from left to right corresponding to: Ground truth simulation (green dot indicates startpoint), step length time series, rolling window MSD analysis for alpha coefficient, and DeepSPT output. Specifically, step length analysis plots the time evolution of step lengths and MSD analysis3,4 implements a rolling MSD = producing an alpha estimate for each frame. DeepSPT’s outputs temporal diffusional behavior segmentation (normal, directed, confined, subdiffusive) along a set of 40 descriptive features (see Methods). The times series of step lengths and alpha values emphasize the challenges faced by HMM and MSD based methods in having to determine discrete underlying states in highly complex and with large variation in the reported diffusional metric that do not always align with a change in behavior.
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Fig S12.  Segmentation evaluation of HMM-Bayes(ref). HMM-Bayes6 identifies K states of either directed or diffusive within the displacement statistics of individual trajectories and the translation of displacement states. HMM-Bayes was asked to search up to K=four different states on randomly selected trajectories with more than 1 diffusional behavior state from the test set utilized in fig. S1. Plot shows the number of states identified by HMM-Bayes versus the actual number of states. The y- axis has been logarithm-transformed for visualization purposes showing the actual number of states in parenthesis. Overall HMM-Bayes identifies the correct number of states in 29% of the test set even when the maximum number of underlying states was defined a priori by the user. In addition, summary statistics reveal that HMM-Bayes identifies 1 state in 58% of the cases even if no trajectories only contain 1 state and generally underestimates the number of states in 63% of the cases. The required computational time was ~10-60 minutes per trajectory compared to milliseconds by DeepSPT. 
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Fig. S13: a, Example of manual annotation of intensity loss of single labeled rotavirus. Escape into the cytosol of rotavirus monochromatically labeled on free lysines by Atto560 is associated with an intensity drop due to the shedding of the outer layer viral protein VP77–9 (see Main figure 3). Intensity loss is defined manually as the time point at which the intensity drop has seized to fall and the intensity remains constant.
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Fig. S14: Diffusional behavior propensities as predicted by DeepSPT. Top panel: Diffusional behavior propensities for  EEA1- and NPC1- positive endosomes data as predicted by the temporal segmentation module of DeepSPT reported as percentage of trajectory lifetime. Bottom panel: The temporal behavior propensities for clathrin AP2 adaptor complex data reported as percentage of trajectory lifetime.
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Fig. S15: Accuracy and number of tracks versus confidence threshold in 10-fold stratified cross-validation. Akin to main figures 4c and 4h but extending to explore the effect of confidence thresholds for each approach. All panels depict twin axes plot of accuracy (left) and true positive rate (TPR) as well as number of track (right) versus confidence threshold (see Methods). a-d: EEA1- and NPC1- positive endosomes data. e-h: clathrin AP2 adaptor complex data. Each panel shows the results of either DeepSPT, D & alpha, D, or alpha.
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Fig. S16: Accuracy and number of tracks versus confidence threshold in leave-one-cell-out cross-validation. Akin to main figures 4c and 4h but extending to explore the effect of confidence thresholds for each approach and importantly now leaving an experiment out to show generalization to trajectories in cells not seen by the classifier during training. All panels depict twin axes plot of accuracy (left) and true positive rate (TPR) as well as number of track (right) versus confidence threshold (see Methods). a-d: EEA1- and NPC1- positive endosomes data. e-h: clathrin AP2 adaptor complex data. Each panel shows the results of either DeepSPT, D & alpha, D, or alpha.







Supplementary tables
Supplementary table 1: Experimental settings for lattice light sheet microscopy for each experimental condition.
	#
	CELL TYPE
	VIRUS LABELLING
	ENDOSOME LABELING
	DYE IN THE MEDIA
	LASER POWER (mW) - MEASURED AT ILLUMINATION OBJECTIVE BACK-APERTURE
	CHANNELS TOTAL EXPOSURE (per frame, in ms)
	TIME PER 3D VOLUME ACQUISITION (seconds)
	RANGE OF SAMPLE SCAN (µm)
	EFFECTIVE Z - STEP SIZE (µm)

	1
	SVGA (media without FBS)
	rc-TLP-Atto565_Atto642
	 
	Alexa488
	0.2mW for all 3 lasers
	10ms * 3 (488nm, 560nm & 642nm) = 30ms
	4.2 seconds
	50
	0.25

	2
	
	
	 
	
	
	3ms (488nm) + 10ms*2 (560nm & 642nm) = 23ms
	3.4 seconds
	
	

	
	
	
	
	
	
	
	
	
	

	3
	SVGA-AP2-GFP (media without FBS)
	 TLP-Atto565
	 
	Alexa647
	0.2mW for all 3 lasers
	5ms * 3 (488nm, 560nm & 642nm)  = 15ms
	4.0 seconds
	50
	0.25

	
	
	
	
	
	
	
	
	
	

	4
	SVGA
	 
	EEA1-mScarlett and NPC1-JFX646
	 
	0mW (488nm), 0.15mW (560nm) and 0.15/0.2/0.3mW (642nm)
	1ms (488nm)  + 10ms * 2 (560nm & 642nm) = 21ms
	2.7 seconds
	50
	0.25

	5
	
	 
	EEA1-mScarlett and NPC1-JFX646
	 
	0mW (488nm), 0.15mW (560nm) and 0.2mW (642nm)
	1ms (488nm)  + 15ms (560nm) + 5ms (642nm) = 21ms
	2.7 seconds
	
	

	
	
	
	
	
	
	
	
	
	

	6
	SVGA (media without FBS)
	Rota-A488 (10 mins)
	EEA1-mScarlett and NPC1-JFX646
	 
	0.6/0.9mW (488nm), 0.18mW (560nm) and 0.25mW (642nm)
	10ms (488nm) + 10ms (560nm) + 5ms (642nm) = 25ms
	2.5 seconds
	40
	0.25

	7
	
	Rota-A488 (10 mins)
	EEA1-mScarlett and NPC1-JFX646
	Alexa647
	1.2mW (488nm), 0.18mW (560nm) and 0.3/0.4mW(642nm)
	
	
	
	

	8
	
	Rota-A488 (7 mins)
	EEA1-mScarlett and NPC1-JFX646
	 
	1.2mW (488nm), 0.18mW (560nm) and 0.3mW(642nm)
	
	
	
	

	9
	
	Rota-A488 
	EEA1-mScarlett and NPC1-JFX646
	 
	0.6mW (488nm), 0.15mW (560nm) and 0.6mW (642nm)
	10ms (488nm) + 15ms (560nm) + 2ms (642nm) = 27ms
	2.6 seconds
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